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A B S T R A C T

Study region: The ungauged, agriculturally dominated La Vi River Basin, Vietnam.
Study focus: Groundwater abstraction for food and industrial production is increasing globally,
putting pressure on groundwater resources and associated ecosystems. In many countries,
monitoring of abstraction is poorly organised, resulting in a paucity of data, particularly in de-
veloping regions. Therefore, alternative approaches to estimate groundwater withdrawals are
necessary. In this study, two soft-data approaches for indirect catchment-scale groundwater
abstraction estimation are developed using: (1) local knowledge through a qualitative field
survey of groundwater level fluctuations and groundwater withdrawals, and (2) land use data
combined with local knowledge on cropping and irrigation practices.
New hydrological insights for the region: The approaches are tested and applied for the La Vi River
Basin, for the 2016 dry season. Total dry season estimated abstractions of 31.07 × 106 m3 and
36.19 × 106 m3 resulted from the two approaches. The advantage of the second approach is the
spatial distribution of the estimated groundwater abstraction, aligning highly intensive ab-
stractions with intensive agricultural areas. Despite high uncertainty in both estimates, this
quantitative estimate gives valuable information for water managers, and the relatively good
agreement between the methods provides trust in the estimates. The approaches are cost-effec-
tive and computationally simple solutions for estimating groundwater abstraction in data-poor
regions.

1. Introduction

Over the last half-century, there has been a significant expansion in global groundwater abstraction to satisfy water demand and
food security for the growing population (Llamas and Martínez-Santos, 2005; Wada et al., 2010; Qureshi, 2011; Rasul, 2016). The
resulting consequences include declining groundwater tables, degradation in groundwater quality due to pollution from agricultural
use of fertilisers and pesticides, and seawater intrusion (Llamas and Martínez-Santos, 2005; Giordano, 2009; von Rohden et al., 2010;
Nazemi and Wheater, 2015). In many developing countries in particular, there is a rapid change in land use from natural landscapes
to farmland or urban areas, resulting in strongly exploited groundwater systems (Giordano, 2009), as governmental regulation is
lacking (Llamas and Martinez, 2005). However, due to the relatively long response times of aquifers to external pressures, there is
often potential for appropriate regulation to be established before groundwater systems are irreversibly impacted (Cuthbert et al.,
2019). But knowledge of both groundwater use and availability is imperative for this adaptive management.
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Groundwater abstraction data, in particular, is essential for groundwater management and development (Qureshi et al., 2010;
Cheema et al., 2014; Rasul, 2016). However, groundwater abstractions are difficult to estimate accurately, especially in developing
countries where insufficient groundwater monitoring infrastructure exists (Giordano, 2009; Siebert et al., 2010). Where groundwater
monitoring infrastructure is insufficient, alternative data sources can be used to estimate groundwater withdrawals. Also called ‘soft’
data, alternative information relevant for estimating groundwater abstraction includes ‘local’ knowledge of aquifer and land use
practices or upscaled statistical data (Seibert and McDonnell, 2002).

Although the use of soft data can provide a useful information source, several assumptions are typically needed when using this
information quantitatively. For example, Maréchal et al. (2006) used land use data in combination with a determined consumption
rate (i.e., amount of water irrigated per unit area) for estimating the amount of groundwater extracted for irrigation on paddy rice at
a pilot watershed. The authors assumed the absence of base-flow to the streams and that agriculture was the unique groundwater user
when estimating groundwater abstraction. Qureshi et al. (2003) estimated unrecorded groundwater abstractions for the whole of
Pakistan by upscaling the relationship between unit energy consumption per volume pumped. They assumed that sampled wells were
representative of the whole study area. Despite these examples, few studies take advantage of non-traditional sources of information.

This study investigates the use of local knowledge in multiple approaches for estimating groundwater abstractions in ungauged
catchments in support of sustainable agricultural development. Two approaches were developed using (1) local knowledge through a
qualitative field (farmer) survey of groundwater level fluctuations and groundwater withdrawals, and (2) land use data combined
with local knowledge on cropping and irrigation practices. The first is essentially a groundwater balance-based approach, which
estimates groundwater abstraction as the rest term of a groundwater balance equation, while all other components, including re-
charge, change in groundwater storage and groundwater base-flow to streams were estimated by a combination of upscaled mea-
surements and modelling. In contrast, the land use-based approach estimated groundwater abstraction for irrigation, domestic use
and livestock farming based on land use maps and population.

For demonstration of the advantages and limitations of these two approaches, we applied them to the La Vi River catchment in
South Central Coastal Vietnam for the 2016 dry season (January to August), as the dry season is the period critical for the
groundwater system to supply irrigation water. The catchment is ungauged (i.e., there is no surface or groundwater monitoring),
while its agriculture relies on extensive irrigation from groundwater.

2. Study area

The La Vi catchment is located in the coastal province of Binh Dinh, Vietnam (Fig. 1). It covers an area of approximately 100 km2

and has an elevation ranging from 4 to 395 m. There are five administrative communities within the catchment: the small town of
Ngo May, large parts of the two communes Cat Hiep and Cat Trinh and small parts of the Cat Hanh and Binh Thuan communes (Vu
et al., 2018). Approximately 37,500 people live in the catchment.

Land use in the study area is dominated by agriculture, which covers 78 % of the catchment area, while forest, residential, bare
land, and water body cover 15.3 %, 3.7 %, 3.4 %, and 0.2 %, respectively (Fig. 2). The typical crops cultivated in the catchment are
annual crops of rice, peanut, cassava and vegetables and perennial crops of mango, acacia and coconut (Hoa et al., 2015). There are
seven soil types within the catchment (NIAPP, 2006). Sandy rhodic and haplic acrisols (Xa and Ba) are dominant, covering 50 % and
37 % respectively of the catchment, with other sandy soils covering 0.8–8 % of the area. The unconfined aquifer has a thickness of
0–40 m (typically 5–20 m) and is underlain by a granitic basement rock beneath the whole catchment (Do, 1987).

The catchment has a tropical climate with an annual rainfall of 1,300−2,600 mm for the period 1986–2015 (source: An Nhon
station, Vietnam Meteorological and Hydrological Administration), only approximately 25 % falls during the dry season months
January till August. The strong seasonal distribution of the precipitation produces large fluctuations in groundwater levels (Do,
1987), with the highest groundwater table at the end of the rainy season (December) and the lowest at the end of the dry season
(August). Groundwater is extracted from thousands of private, shallow dug, unmonitored wells distributed throughout the catch-
ment, which serve as the main source of water for irrigation, domestic water use, and small livestock farming. The La Vi River and its
tributaries drain the aquifer and discharge excess surface runoff during high-precipitation events. The river is intermittent, ungauged,
and typically flows from September to April (Vu et al., 2018). The river has a weir located approximately 1 km downstream of the
outlet (Fig. 1).

3. Materials and methods

3.1. Groundwater balance-based approach

This approach derives the total abstraction from a catchment groundwater balance equation, after all other components of the
groundwater balance have been estimated (Fig. 3). Based on knowledge of local cropping patterns and qualitative survey results
(Appendix A.1), we assume that dry season groundwater abstraction is approximately equal to annual groundwater extraction;
therefore, all components of the groundwater balance are estimated for the dry season.

The first step was to subtract the annual maximum and minimum depth to groundwater as estimated by 77 farmers and recorded
in the qualitative survey (Appendix A.1) from the elevation (extracted from digital elevation model (DEM)). Next, these referenced
levels at 77 wells were interpolated (Step 1a and 2a, Fig. 3), using radial basis functions, as implemented in the Python package Scipy
(Virtanen et al., 2019). Differencing between the interpolated maximum and minimum groundwater levels resulted in a spatially
distributed estimate of the change in the groundwater level (ΔH) (Step 3a, Fig. 3) from the wet to the dry season. However, as the
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annual maximum and minimum groundwater levels were not measured but estimated by farmers, a normal distributed error with a
standard deviation (σ) of 1 m was assumed to account for the uncertainty in these estimations. Next, each maximum and minimum
well water level was sampled 100 times from its error distribution. These levels were constrained such that they were not higher than
the surface elevation or lower than the aquifer bottom. Consequently, the corresponding change in groundwater level (ΔH) for the
100 samples of 77 well water levels was determined based on the radial basis interpolation and subtraction of the interpolated levels.
From the interpolated change in water level, the mean was calculated from the 100 estimated maps of change in groundwater levels.
The standard deviation of the mean change in groundwater level at each pixel was also calculated to provide an estimate of the error
in the water level change. For areas where interpolated groundwater levels fell below the bottom of the aquifer, no significant
groundwater resource was assumed, these areas were not accounted for in the catchment-wide groundwater abstraction calculation
(Fig. 4).

Next (Step 4a, Fig. 3), the change in aquifer storage (ΔS) was estimated by multiplying the annual change in the groundwater level
with the specific yield of each soil type, calculated as the difference between measured porosity and field capacity (Johnson, 1967)
(Appendix A.2).

Dry season net recharge to groundwater for the whole catchment area was estimated using the raster-based, water balance model
WetSpass-M (Abdollahi et al., 2017). WetSpass-M uses spatially distributed data on land use, soil texture, depth to groundwater,
topography, and climatic data (i.e., rainfall, potential evapotranspiration, number of rainy days, wind speed and average tempera-
ture) as inputs. Land use was obtained from supervised classification of Sentinel-2A imagery of 13 February and 9 October 2016 (Tran
et al., 2018) (Fig. 2) and soil texture was estimated based on the soil map (Nguyen and Thach, 2018). Monthly groundwater levels
were estimated by linearly interpolating from the minimum (August) up to the maximum (December), and back down to the
minimum (August). Monthly climatic data were estimated by averaging the daily measured data for 2016 from the An Nhon national
weather station located approximately 15 km away from the catchment (Source: Vietnam Meteorological and Hydrological

Fig. 1. La Vi catchment showing elevation and administrative communities. The digital elevation model (DEM) is based on the 10-m DEM for Binh
Dinh province by Binh Dinh DONRE (2015). The small town of Ngo May is the only semi-urban area; other communities are rural. Green dashed
lines indicate the boundaries between downstream, midstream and upstream regions. The inset shows the location of the study area within Vietnam
(Source: Vietnam Publishing House of Natural Resources, Environment and Cartography) with indication of Binh Dinh province (green region) and
La Vi catchment (orange dot).
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Administration). WetSpass-M simulated the monthly distributed net recharge, surface runoff and actual evapotranspiration for 2016;
net seasonal recharge was estimated by summing the dry season (January to August) monthly values.

Catchment-wide dry season river base-flow was estimated by upscaling and extrapolating temporal trends in flow. Vu et al. (2018)
simulated temporal fluxes from the groundwater into the La Vi at three points along the river for the period November 2015 to March
2016 (S1, S2, and S3 in Fig. 1). The trends in flux at each site were linearly extrapolated to estimate monthly groundwater fluxes to
the river until August. Two semi-circles were defined with their centre at the location of S1 and their radiuses the distance between S1
and the middle points between S2 and S3, respectively (Fig. 1). The sum of the dry season base-flow (January to August) at each point
was assigned for the whole reach. Finally, the total base-flow was obtained by summing up the product of the length and assigned flux
rate of all the stream segments, which was then divided by the catchment area to obtain one catchment-wide value of dry season
base-flow.

All estimated water balance components were used to calculate dry season groundwater abstraction (Step 5a, Fig. 3). Assuming a
closed watershed, the groundwater balance equates the sources (positive net recharge), sinks (groundwater base-flow to rivers, actual
evapotranspiration or negative net recharge and groundwater abstraction) and changes in groundwater storage. Arranging the
groundwater balance equation to estimate groundwater abstraction yields:

+ =H*S NetR BF GAy (1)

where ΔH is change in groundwater level, Sy is specific yield, NetR is net recharge to groundwater, BF is groundwater base-flow to
streams and GA is groundwater abstraction for anthropogenic purposes; all the terms are expressed as depths of water [L]. ΔH, Sy and
NetR are distributed estimates, while BF is a catchment average value. Hence, the resulting GA is a catchment average result.

The ArcGIS (ESRI, 2015) tool ModelBuilder was used to bring all the inputs and GIS functions into a single framework, feeding
outputs of one function as inputs to another in sequence, as shown in Fig. 3. Spatial analyses were done on raster maps with a
resolution of 10 m.

Fig. 2. Land use for 2016 for the La Vi catchment (Tran et al., 2018), showing the dominance of agricultural lands (i.e., paddy rice, other cereal
crops of peanut and cassava, vegetables and perennial plants of mango and coconut). The residential area is the small town of Ngo May.
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3.2. Land use-based approach

In this approach, distributed estimates of groundwater abstractions for irrigation, domestic use, and livestock farming were
calculated based on land use, statistical information, and qualitative survey results.

The amount of groundwater used for irrigation was estimated (Step 1b, Fig. 3) from the land use map (Fig. 2) and the rate of
irrigation (Ra-irr). Monthly irrigation rates for each crop were estimated in two ways: (1) based on data from the qualitative survey
(Appendix A.1, Table A2), and (2) from information from the Agricultural Science Institute for Southern Coastal of Vietnam (ASISOV)
using guidelines from the Food and Agriculture Organization (FAO) (Allen et al., 1998) combined with experiments of water re-
quirements of local crops for each stage after planting (Appendix A.3). Some crops are planted in rotation, resulting in a total of 11
agricultural land use classes and four other classes (Appendix A.3).

Two approaches were employed for developing a map of catchment population density (Step 2b, Fig. 3): (1) 250 m resolution grid
data of population (Source: EC JRC and CIESIN), and (2) Google Earth imagery. For the Google Earth approach, a point was put on
every house in the catchment. This point map was converted to a raster (250 m resolution) population distribution map by multi-
plying the number of households in each cell with the number of people per household, which was taken as the average number of
people reported in all households surveyed in the qualitative survey (Appendix A.1, Table A1). Both population density maps were
downscaled to 10 m grid resolution using the aggregate tool in ArcGIS.

The amount of groundwater abstracted on average per person per unit area for domestic use (Ra-dom) was calculated using survey
data (Appendix A.1) of the average volume of water consumed per person (Rc, (m3)) and the percentage of water provided by
groundwater (Pgw) as:

=R
R *P

Aa dom
c gw

(2)

where A is the area of a raster cell of 10 by 10 m. For water usage in the residential land use cells of Ngo May town Pgw was assumed
to be 50% based on information from the qualitative survey.

A spatially distributed raster map of groundwater abstraction for domestic use (GAdom (m), Step 3b, Fig. 3) was then estimated
using the population density in each cell multiplied by the average groundwater consumption rate per person per area using the
resample tool in ArcGIS (bilinear interpolation) as:

=GA Pop *Rdom den a dom (3)

The results of the qualitative survey were used to determine average household size, average number of animals per farm, and

Fig. 3. Schematic flowchart for the two groundwater abstraction estimation approaches.
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groundwater use for livestock. From this information, the ratio of people to animals in each community was calculated, and this ratio
was used to convert population density to a livestock density map (Nani) (Step 4b, Fig. 3). Both population density maps described
above were tested, resulting in two maps of animal density.

Step 5b (Fig. 3), the spatial distribution (raster) of groundwater abstracted for use by livestock animals (GAfar) was then estimated
from the density of animals multiplied by the average consumption rate of each animal as:

=GA N *Rfar ani a far (4)

Finally, total groundwater consumption (GA) was calculated (Step 6b, Fig. 3) by summing the abstractions for irrigation (GAirr),
domestic use (GAdom) and livestock farming (GAfar) in ModelBuilder as:

+ + =GA GA GA GAirr dom far (5)

3.3. Uncertainty analyses

Uncertainties and errors enter the results from errors associated with the original input data and are propagated through the
calculation processes. Errors associated with inputs resulting from measurements, estimation and determination processes or a
combination of them, were estimated either in absolute form as its possible discrepancy or in relative form as the proportion of the
determined values, depending on how each input was estimated (e.g., directly measured or modelled). The errors of the inputs
directly measured or estimated (e.g., groundwater levels) were assigned absolute values of potential errors of each particular
measurement or estimation. Errors in crop irrigation rates, resulting from categorical classification of crops, were estimated as the
difference in irrigation rate for each crop with the maximum and minimum value for others crops with which it could have been
confused (e.g., peanut would be confused with cassava and some kinds of vegetables when classifying land use and determining its
irrigation rate). For population and irrigation rates, which have more than one possible value, the most reasonable value was
selected, while other possible values were used for determining the errors. The error of the specific yield was based on the possible
range as reported in (Johnson, 1967). Where an input had more than one method for determining its error (e.g., irrigation rates), the
largest error was used.

Fig. 4. Reduction in groundwater level from December to August based on differences in the interpolated maximum and minimum groundwater
levels as resulting from the farmer surveys. The white area are zones where the interpolated groundwater levels fell below the bottom of the aquifer,
hence no significant groundwater resource was assumed.
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The error propagation toolbox in ArcGIS (Heuvelink et al., 1999; Miller, 2015) was used for estimating how the errors would
propagate through the calculation process and result in a final, absolute error estimate. The propagated errors are calculated using
standard equations for propagation of error as described in Taylor (1997). Relative errors were then calculated by dividing the
absolute errors by their estimated values. The use of standard error propagation is conservative as it assumes that the errors are
independent, i.e. no spatial correlation exists. The result from the first approach (groundwater balance based) was a catchment
average value. Therefore, the error was also estimated as an average value for the whole catchment. For the second method, errors
were estimated both spatially distributed and as catchment average values.

Estimated errors associated with every single input of each method are summarised in Table 1 and are propagated through the
groundwater abstraction calculation process.

4. Results

4.1. Groundwater balance-based abstraction

The qualitative survey (Appendix A.1) showed that the highest groundwater table typically occurred at the end of the rainy season
in December, with the groundwater depths spatially varying up to a maximum 1.4 m below ground surface (see Table A1). The
groundwater level dropped 1.6–9.8 m to its lowest level at the end of dry season in August. Larger variations were typically observed
in upland areas close to the water divide. In mountainous areas, there were no observations of groundwater depths from the survey;
therefore, the elevation of the groundwater table could not be determined and was treated as ‘no data’ in approximately 10 % of the
catchment (Fig. 4).

Both interpolated minimum and maximum groundwater levels mimicked the surface topography. The largest variations in
groundwater level (about 13 m) were observed at the north-west edge of the catchment (Fig. 4). Conversely, a small variation of
about 1.5 m was observed in parts of the lowlands near the stream network. Specific yield was approximately consistent throughout
the catchment (standard deviation of 0.01); therefore, the spatial pattern of change in groundwater storage mirrored the variation in
groundwater table elevation. Total estimated change in groundwater storage over the dry season was estimated at 73.13 × 106 m3.

The total net recharge component of the dry season water balance was estimated at -10.30 × 106 m3, where the negative indicates
transpiration by vegetation from groundwater. The spatial recharge pattern (Fig. 5) showed relatively high transpiration in the

Fig. 5. Net recharge simulated by WetSpass-M for the dry season from January to August. The white area are zones where the interpolated
groundwater levels are below the bottom of the aquifer, hence no significant groundwater resource and recharge was assumed.
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central part of the catchment, particularly for the lowland areas near the river. In contrast, positive values were observed in the
upland areas in the west and north-east, where the depth to groundwater is greater. Summing up the fluxes for the base-flow active
months from January to August gave a total flux of 34.76 × 106 m3 for the whole catchment, which is equivalent to a specific
discharge of 350 mm. Base-flow increased from upstream to downstream, decreased from the rainy to the dry season, and ceased in
May (Table 2). Scaling the total flux to the area with data in Fig. 4 resulted in a base-flow of 31.76 × 106 m3. This leaves
-31.07 × 106 m3 as groundwater abstraction estimated on basis of the groundwater balance; therefore, groundwater abstraction
accounted for 43 % of the change in groundwater storage.

4.2. Land use-based groundwater abstraction

The surveyed results showed that the maximum consumption rate was for vegetables (e.g., cucumber and chilli), with rates of
11,625 m3/ha annually, as they are seasonally planted in rotation and normally require irrigation the whole year. 75 % (8732 m3/ha)
of this amount was consumed during the dry season (January to August). Conversely, mango required the least water for irrigation,
needing only 3303 m3/ha annually, as it requires water for only five months (typically from January to May). Intensive irrigation
occurs during the dry season, contributing to at least 75 % of annual groundwater extraction. The irrigation estimates based on the
FAO guidelines were smaller than the estimates from the surveyed results (Table 3). The exception was cassava, which the survey
showed is a low-income crop planted in remote, hilly areas or in rotation with other crops, and not irrigated.

The dry season groundwater abstraction for irrigation obtained from land use data and irrigation rates of crops from the qua-
litative survey, showed intensive irrigation in the centre of the valley and no abstraction at the edges of the catchment and in Ngo
May town. Highest groundwater consumption rates of 873 mm (8732 m3/ha) were observed at places where other annual plants
(vegetables) are planted. Low abstractions of 361 mm (3614 m3/ha) were observed at places where paddy rice is planted three times
per year (irrigation is applied only for the second season of the year, from June to August). An estimated 36.19 × 106 m3 of

Table 2
Calculation of base-flow to the river.

Month Flux per unit length of stream segment (m3/m)

S1 – Downstream S2 – Midstream S3 - Upstream

January 533 230 98
February 225 170 75
March 154 126 56
April 83 81 36
May 12 37 16
June 0 0 0
July 0 0 0
August 0 0 0
Total flux 1007 644 281
Stream length (m) 2459 32,963 39,306
Flux x stream length=Volumetric flux (m3) 2.75× 106 21.24×106 11.0× 106

Sum of all flux=Base-flow (m3) 34.76× 106

Catchment area (m2) 9920×106

Base-flow / catchment area= Specific base-flow (m) 0.350

Table 3
Groundwater consumption rates for each land use class for the La Vi catchment, calculated based on irrigation rates resulting from the survey and
FAO guidelines.

Land use class Dry season
(m3/ha)

Wet season
(m3/ha)

Annual
(m3/ha)

Survey FAO Survey FAO Survey FAO

Paddy rice (single) 0 0 0 0 0 0
Paddy rice (double) 0 1499 0 0 0 1499
Paddy rice (triple) 3614 3866 0 0 3614 3866
Cassava 0 4665 0 0 4665 0
Paddy rice, cassava 0 4665 0 0 4665 0
Peanut, cassava 6553 4661 902 0 7455 4661
Paddy rice, peanut, cassava 7510 5076 0 0 7510 5076
Peanut 6553 1359 902 0 7455 1359
Paddy rice, peanut 7510 1010 0 0 7510 1010
Other annual plants 8732 3591 2920 0 11,652 3591
Perennial plants* 4672 0 4672

* Average of surveyed rate for coconut and FAO rate for mango.
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groundwater was extracted for irrigation over the whole catchment.
The spatial pattern of groundwater abstraction for irrigation based on the FAO irrigation rate was similar to the consumption rate

from the qualitative survey. However, the amounts of groundwater abstractions were different. The highest abstraction rate of
467 mm (4672 m3/ha) was observed where perennial plants (mango and coconut) are planted, while lower abstractions of 101 mm
(1010 m3/ha) were estimated when paddy rice was planted together with peanut. A total estimated 24.37 × 106 m3 of groundwater
was extracted for irrigation over the whole catchment.

Population data from the two sources showed a large range of 50 to 2500 persons/km2 for the rural areas. Ngo May had a higher
population density of 5,000–10,000 persons/km2. The population distribution from both sources was similar. Using the extrapolated
point map of houses in the catchment multiplied by average number of people per household from the survey (Fig. 6) resulted in a
total of 37,475 people, while according to the global population data for 2015 the area has a population of 51,590. The qualitative
survey showed that livestock density in the rural communities was 2.5 times lower than population density, while the number of
animals for the small town of Ngo May was assumed to be zero.

The qualitative survey showed a spatially constant per capita water consumption of 0.1 m3/day for both people and livestock
animals, with the percentage of water supplied from groundwater (Pgw) varying spatially. All the water consumption for domestic use
in the rural communities of the catchment was supplied by groundwater (no tap water). In Ngo May, 50 % of the population and
animals were assumed to rely on groundwater supplies. Groundwater consumption for domestic use and livestock farming was
estimated to drop to around 50–70 % in the second half of the dry season due to the unavailability of groundwater in some areas.

The spatial pattern of groundwater consumed for domestic use and livestock farming was similar to the population distribution.
Using population data converted from the interpolated point map of houses, the total amount of groundwater extracted for domestic
use was 0.69 × 106 m3 for dry season. Abstractions of 100–130 mm (100,000–130,000 m3/day/km2) were observed at the Ngo May
town, while just 10–50 mm (10,000–50,000 m3/day/km2) were observed in rural areas. When the downscaled global population data
were used, the total domestic use was 0.95 × 106 m3. The rates for livestock farming consumption in rural areas that were based on
the survey were a 2.5 times lower than the rates for domestic use.

Overall, the groundwater abstraction estimated using irrigation rates stated by farmers in the qualitative survey results was

Fig. 6. Population density map of La Vi catchment estimated from houses identified on a Google Earth image and using an average of five persons
per household (Appendix A.1).
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approximately 50 % higher than the estimates using the FAO guidelines officially adopted by the local agricultural institute, re-
gardless of which source of population information was used (Table 4). As expected, groundwater abstraction was spatially variable
(Fig. 7), depending on land use. Abstraction rates as high as 1000 mm (10,000 m3/ha) were observed in the valleys in the centre of
the catchment.

4.3. Uncertainty assessment

For the groundwater balance-based approach, an absolute error of 42.65 × 106 m3 was calculated, equalling a relative error of
137 % of the estimate. This error, together with the estimated groundwater abstraction of 31.07 × 106 m3, resulted in a potential
range of 0–73.72 × 106 m3 of groundwater abstraction for the whole catchment.

For the land use-based approach, spatially distributed errors of 0–873 mm (0–8,732 m3/ha) were estimated. In general, lower
errors of less than 200 mm (2000 m3/ha) were observed in residential areas where the water was extracted only for domestic use and
livestock farming. The average estimated relative error was 176 %, with 6%, 74 % and 100 % of the catchment area having relative
errors smaller than 50 %, 100 % and 250 %, respectively. As the groundwater abstraction for error estimation was 36.19 × 106 m3, a
resulting range of 0–99.90 × 106 m3 was obtained for the groundwater abstraction for the land use-based approach. This range was
larger and entirely covered the range for the groundwater balance-based approach (0–73.72 × 106 m3).

Table 4
Total catchment dry season groundwater abstractions based on the land use approach with estimates based on two different
inputs for irrigation rates (columns) and two population sources (rows).

Population Irrigation rate

As surveyed Per FAO’s guidelines

Converted from house map 36.19 × 106 m3 24.37 × 106 m3

Downscaled from global population data 36.39 × 106 m3 24.57 × 106 m3

Fig. 7. Map of dry season groundwater abstraction for the La Vi River catchment estimated following the land use-based approach, with irrigation
rates as surveyed and population based on house map.
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5. Discussion

Groundwater consumption is increasing globally, yet our understanding of groundwater budgets in most of the world’s aquifers
lacks behind (Giordano, 2009; Siebert et al., 2010). Dryland (e.g., South Asia and African Sub-Saharan) systems are especially prone
to the impacts of anthropogenic pressures, with growing demands on groundwater resources for irrigation, yet even less is typically
known about them (Shah et al., 2007). Here, we investigated a dryland region in which there has been rapid conversion of bare land
to agricultural land use over the past decade. A majority of the crops require irrigation from groundwater, heavily impacting
groundwater storage and recharge. However, there is no regulation of the groundwater extracted from the approximately 8000
private wells in the La Vi River catchment, similar to the conditions found in most of the developing world (Giordano, 2009; Siebert
et al., 2010). The results show that in the catchment, groundwater abstraction to meet the domestic, agricultural, and livestock needs
of the local population is by far the largest contributor to change in aquifer water storage. The simple approaches used to estimate
and compare the magnitude of groundwater abstraction in this basin provide a model for the many other data-poor, dryland basins
experiencing intensive groundwater withdrawals and potential climate change pressures.

The absence of monitoring means that it is impossible to know the exact amount of groundwater withdrawn. Although benefits of
soft data are clear, disadvantages and uncertainties have been recorded, including the limited measurements for setting up and
calibrating models or external influences on parameters (Cheema et al., 2014). Comparison of the two methods tested in this study
provides useful guidance on additional advantages and uncertainties of using available soft data sources. For example, the
groundwater balance-based approach estimated the groundwater abstraction as the rest term of the balance equation, as the other
terms could be estimated on the basis of soft or hard data. However, this approach provided only a single catchment average value for
the groundwater abstraction, as the base-flow could not be estimated in a distributed manner. Information about the groundwater
characteristics such as the specific yield and change in groundwater level was limited; hence, there was considerable uncertainty in
the change in groundwater storage. Inaccuracy in interpolation of the groundwater level from point data also contributed sig-
nificantly to the error. As the relative error in the change in groundwater level was estimated to be 143 % compared to the relative
error of 38 % in the specific yield, it is apparent that this method is highly dependent on the accuracy of the groundwater level
estimation.

The land use-based approach has the advantage of providing spatially distributed results, as it takes into account spatial in-
formation and knowledge on irrigation and domestic and livestock consumers when estimating groundwater abstractions. The direct
link between the land use and abstraction makes the land use-based approach extremely useful in scenarios analyses, supporting
decision-making processes regarding water allocation problems (Letcher et al., 2007). In addition, the spatially distributed result
makes it more suitable for use in a groundwater flow model. However, this approach depends on the accuracy of the data and
methods for land use mapping (Letcher et al., 2007), and mixed land use and seasonal changes that make remote sensing image
classification difficult (Hurtt et al., 2006). Water consumption rates are notoriously hard to quantify, both for crop irrigation rates
(Zwart and Bastiaanssen, 2004) and for residential water demand (Arbués et al., 2003).

The variation in the estimated irrigation rate for each crop and between crops, possibly occurring within the classified land use
class, created the greatest uncertainty in this method in our study area, with estimated relative errors of up to 180 %. Although
uncertainty in some parameters, such as population density, was high, their impact on the overall groundwater abstraction estimate
was limited. For example, population density from two different sources differed by 40 %. However, the abstraction in the dry season
for domestic use and livestock farming was small (2.5 %) compared to irrigation (97.5 %), and the error in the population estimate
has therefore a relatively small effect on the total error. Moreover, the combination of two options for estimating the irrigation rate
and two options for the population density resulted in four spatially distributed abstraction results, which help to confirm the relative
reliability of estimates.

For both approaches, the ArcGIS ModelBuilder tool was advantageous for automating the estimation process; this also allows easy
updates on data and analyses of impact on groundwater extraction from land use change. Considering the global pressure on
groundwater resources due to agriculture, and especially in developing areas (Shah et al., 2007; Giordano, 2009), there is a high need
for approaches for estimation and monitoring of groundwater abstractions supporting improved and more sustainable groundwater
use. Approaches need to support water managers and be commensurate with the financial, social and organisational constraints of a
region. The methods tested in this study provided relatively inexpensive and computationally simple but quantitative estimates of
groundwater abstraction. From this study, it follows that approaches based on remotely sensed land use have considerable ad-
vantages. To reduce uncertainties, ground-truthing of land use (e.g., types of crops and rotation) and more detailed sampling of
farmers’ irrigation practices (e.g., number and type of wells, irrigation scheduling and techniques used) is imperative. Automated
groundwater level and discharge monitoring for limited but representative practices would greatly augment qualitative data sources.

6. Conclusion

The global concern about the exploitation of groundwater requires local action on improving the quantitative estimates of
groundwater abstraction. Where groundwater monitoring infrastructure is lacking, soft data has great potential to add valuable
information. In this study, we elucidated the advantages and uncertainties associated with groundwater abstraction estimates using
two combinations of land use, demographic statistics, agricultural guidelines, and direct local knowledge. Although the uncertainty
of the quantitative estimates of abstraction was on the order of magnitude of the estimates themselves, there was nevertheless
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relatively good agreement between the approaches, both providing trust in the overall approach and showing the usefulness of
method comparison. Of the soft data used in this study the accuracy of the estimates of the groundwater level have shown to be of
large influence on the total uncertainty. Future work in this region should include development of future land use, demographic, and
climate change scenarios to better understand necessary regulation and management of water supplies. The current work, combined
with such scenarios, would serve as an important template for development of groundwater management in developing dryland
agricultural catchments.
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Appendix A

A.1 Qualitative field survey

A qualitative field survey at 77 farms was conducted between 20 and 25 October 2015 using a questionnaire (Fig. A1). Farmers
were asked about the purpose of well use, the level and month of minimum and maximum groundwater depth, the daily average
duration of pumping for each month of the year, the area of land they irrigate and the applied cropping patterns (i.e., single crop or
crop rotation), the number of persons per farming household, the average per person domestic use (Rc) (m3/day), the percentage of
water consumption provided by groundwater (Pgw), and the number of livestock per farm. The depth to groundwater was also
concurrently measured using an electric water level meter and the pumping rate was estimated at each farm by volumetric meter and
clock.

Generally, intensive groundwater abstraction was reported during the dry season (from January to August), particularly for the
main cropping period from the end of December to the beginning of April (Table A1), accounting for up to 70 % of total annual
abstraction. Smaller abstractions were observed at wells used for domestic demand only, with 5 - 10 m3 of water pumped per month,
while larger abstractions were reported for wells for irrigation and multiple purposes. Monthly average abstractions increased from
roughly 65 m3 up to 330 m3 per well from the beginning of the wet season (September) until mid dry season (May) (Fig. A2). In the
second half of the dry season (May to August), the abstractions dropped significantly. Although total water use for domestic purposes
and livestock farming was constant with time, the amount of groundwater used for these purposes dropped at the end of the dry
season (June to August) (Fig. A3), as some wells dried out and water use was satisfied by other sources (e.g., surface water and
bottled water). Areal groundwater consumption rates were the same for per animal as for per person, and the amount of water used
for domestic purposes and livestock farming reduced towards the end of the dry season because some productive wells dry out. The
monthly irrigation rate for each crop was calculated by dividing the amount of groundwater abstracted by the area irrigated (Table
A2). Irrigation was the dominant water use, accounting for 84 % of the total annual abstraction, while domestic use and livestock
farming (e.g., cows and pigs) consumed 11 % and 5% of the total, respectively (Fig. A3). Annual average per well groundwater
abstraction was 1800 m3/yr per well for satisfying the total demands of water for domestic use, livestock farming and irrigation.
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Fig. A1. Survey questionnaire form.
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A.2 Porosity and field capacity estimation

The soil map extended with field soil surveys and sampling resulted in the classification of seven soil types. Porosity and field
capacity were experimentally estimated for soil samples from 11 locations. Porosity was indirectly calculated as a function of the
experimented parameters of particle density (Pycnometer method), bulk density (Core method), and field capacity was experi-
mentally determined as the water content retained at the suction pressure of -0.33 bar (Pressure outflow method). Due to the lim-
itation in number of soil samples, each soil type was assigned a unique value of porosity and field capacity, respectively, by averaging
all values of its soil samples (Table A3). The specific yield was then calculated as the difference of the porosity and the field capacity
(Johnson, 1967).

Table A1
Statistical summary of the survey results (77 investigated farms/households).

No. Parameter Unit Count Median Mean Max Min Std

1 Depth to groundwater level when surveyed m 77 3.10 3.40 8.03 1.40 1.39
2 Depth to max. groundwater level in December m 77 0.00 0.32 1.40 0.00 0.41
3 Depth to min. groundwater level in August m 77 4.74 4.82 9.82 2.20 1.63
4 Discharge for irrigation - Qirr m3/day
4.1 Qirr in Jan 64 467.10 7.30 25.00 0.00 4.57
4.2 Qirr in Feb 64 794.50 12.41 30.00 0.00 7.10
4.3 Qirr in Mar 64 794.50 12.41 30.00 0.00 7.12
4.4 Qirr in Apr 59 680.50 11.53 30.00 0.00 7.94
4.5 Qirr in May 55 60.10 1.09 20.00 0.00 3.35
4.6 Qirr in Jun 43 104.00 2.42 20.00 0.00 4.72
4.7 Qirr in Jul 35 95.00 2.71 20.00 0.00 4.99
4.8 Qirr in Aug 38 93.10 2.45 20.00 0.00 4.77
4.9 Qirr in Sep 50 98.10 1.96 20.00 0.00 4.30
4.10 Qirr in Oct 60 98.10 1.64 20.00 0.00 3.84
4.11 Qirr in Nov 64 268.10 4.19 20.00 0.00 4.65
4.12 Qirr in Dec 64 389.10 6.08 25.00 0.00 4.92
5 Discharge for domestic - Qdom m3/day
5.1 Qdom in Jan 76 47.70 0.63 8.00 0.20 0.92
5.2 Qdom in Feb 76 47.70 0.63 8.00 0.20 0.92
5.3 Qdom in Mar 76 47.70 0.63 8.00 0.20 0.92
5.4 Qdom in Apr 68 40.60 0.60 8.00 0.20 0.92
5.5 Qdom in May 63 38.60 0.61 8.00 0.20 0.95
5.6 Qdom in Jun 47 31.80 0.68 8.00 0.20 1.10
5.7 Qdom in Jul 39 27.80 0.71 8.00 0.30 1.20
5.8 Qdom in Aug 43 31.90 0.74 8.00 0.30 1.19
5.9 Qdom in Sep 61 40.40 0.66 8.00 0.20 1.02
5.10 Qdom in Oct 72 45.80 0.64 8.00 0.20 0.94
5.11 Qdom in Nov 76 47.70 0.63 8.00 0.20 0.92
5.12 Qdom in Dec 76 47.70 0.63 8.00 0.20 0.92
6 Discharge for livestock farming - Qfar m3/day
6.1 Qfar in Jan 44 13.23 0.30 1.00 0.10 0.16
6.2 Qfar in Feb 44 13.23 0.30 1.00 0.10 0.16
6.3 Qfar in Mar 44 13.23 0.30 1.00 0.10 0.16
6.4 Qfar in Apr 40 11.83 0.30 1.00 0.10 0.17
6.5 Qfar in May 38 11.03 0.29 1.00 0.10 0.17
6.6 Qfar in Jun 29 8.93 0.31 1.00 0.10 0.19
6.7 Qfar in Jul 24 7.05 0.29 0.80 0.10 0.14
6.8 Qfar in Aug 25 6.65 0.27 0.50 0.10 0.10
6.9 Qfar in Sep 35 10.33 0.30 1.00 0.10 0.16
6.10 Qfar in Oct 40 11.63 0.29 1.00 0.10 0.15
6.11 Qfar in Nov 44 13.23 0.30 1.00 0.10 0.16
6.12 Qfar in Dec 44 13.23 0.30 1.00 0.10 0.16
7 Number of people people 76 404 5.3 28 3 3.6
8 Number of animals per farm animals 44 156 3.5 10 1 1.5
9 Proportion of animals to people – 0.4
10 Area of irrigated paddy rice per farm ha 2 0.35 0.40 0.30 0.05
11 Area of irrigated peanut per farm ha 42 0.41 1.80 0.03 0.33
12 Area of irrigated vegetation per farm ha 9 0.18 0.30 0.03 0.08
13 Area of irrigated perennial coconut per farm ha 7 0.17 0.30 0.05 0.00

Note: Descriptive data (e.g., water quality, soil description) from the survey were not summarised as they were not used in this manuscript.
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Fig. A3. Monthly groundwater abstracted for irrigation, domestic and livestock use (bar chart) and contribution of these uses to the total yearly
abstraction (pie chart).

Table A2
Calculated monthly irrigation rate of crops (m3/ha).

Crop Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Rice 1163 1163 1163 960 1302 1211 1201 1201 1163 – – –
Peanut 956 1836 1884 1878 – – – – – – 777 902
Vegetation 2229 1990 2191 422 384 386 568 563 487 716 844 872
Coconut 1240 1120 1240 1200 1240 – – – 1080 1116 1080 1116

Fig. A2. Monthly mean abstraction per well (error bars are the standard deviation).
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A.3 Land use classes and cropping patterns information

Table A4

Appendix B. Supplementary data

Supplementary material related to this article can be found, in the online version, at doi:https://doi.org/10.1016/j.ejrh.2020.
100695.
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