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A B S T R A C T

Unsustainable groundwater withdrawal is a major challenge facing semi-arid and arid regions of the world,
where groundwater is the primary source of irrigation water. Conversion of some agricultural land to fallow land
is one of the possible solutions to reduce the groundwater withdrawal to bring it to safe yield. Such a solution has
a negative economic impact. In this study, we have developed an optimization approach that can use used to
identify the size (and type) of the agricultural area to be fallowed to ensure sustainable groundwater use for
irrigation with as little economic impact as possible. This approach is based on the concept of profit productivity,
which relies on Landsat imageries to calculate crop yield and irrigation water withdrawal, and available in-situ
data to calculate energy cost. We have applied this approach to the Neyshabour basin in Iran that has been
experiencing unsustainable groundwater withdrawal for the last 30 years. Our sample results indicate that in
order to ensure sustainable groundwater withdrawal with minimum economic impact, 4% of the agricultural
land needs to be converted to fallow land by fallowing most of the agricultural land used for growing tomatoes.

1. Introduction

Achieving food security is one of the greatest challenges confronting
societies in Iran and many semi-arid and arid parts of the world where
water is the limiting resource for agriculture (Arabi-Yazdi et al., 2009;
Mousavi-Baygi et al., 2016). Considering that Iran’s mean annual
rainfall is only 250mm and over 80% of its territory is located in arid
and semi-arid regions, it is clear that Iran is in a state of chronic water
security (Bannayan et al., 2011). The situation could be exacerbated by
increased demand for food due to population growth and inefficient use
of existing water resources unless corrective actions are taken.

Our study region, the Neyshabour basin in Iran, embodies most of
the key challenges of water resource management in Iran, specifically,
unsustainable use of groundwater, and increased demand for water
from growing population and urbanization and industrialization.
Groundwater is a critical resource for farmers in the Neyshabour basin,
as it provides 93.5% of the agricultural water used by the basin’s farms.
Groundwater withdrawals in the basin have been exceeding the re-
charge since 1986 (Hoseini et al., 2005), losing more than 200 MCM
annually which has resulted in a drop in groundwater level by about
82 cm (Moghaddam et al., 2014).

There are a number of promising management options and

technologies that could improve water use efficiency to maximize
agricultural production and ensure food security. Geerts and Raes
(2009) reported that deficit irrigation is successful in increasing water
productivity for various crops without causing severe yield reductions.
Photovoltaic water pumping technology is considered as a sustainable
solution to provide irrigation water (Campana et al., 2015, 2013; Closas
and Rap, 2017; Niajalili et al., 2017; Omer, 2001), and Iran has
abundant solar energy. Cost-effective thermal infrared sensors, coupled
with cellular applications, enables effective monitoring of crop water
stress and therefore could help guide and improve the efficiency of
water usage (Lee et al., 2015). It was reported that the adoption of
agricultural technologies are influenced by household, socioeconomic,
institutional, and plot-level characteristics (Ahmed et al., 2017).
Teklewold et al. (2013) found out that the highest farmers income was
achieved when technologies were adopted in combination with crop
management practices rather than in isolation (Teklewold et al., 2013).

Conversion of agricultural land to fallow land is one of the possible
solutions to reduce the groundwater withdrawal rate to the safe yield.
This approach has a negative economic consequence, and a guideline
needs to be developed for stakeholders to identify the size (and type) of
agricultural areas to be converted to fallow land with minimum eco-
nomic impact. The purpose of this study is to develop an optimized
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approach that would suggest optimal cropping areas for each dominant
crop types while ensuring sustainable use of groundwater resources
with minimum economic impact. The study relies on satellite imageries,
groundwater level data from 60 piezometer wells located across the
basin, meteorological station data, and FAO reports concerning Iran.

2. Materials and methods

2.1. Study area

The Neyshabour basin is located in the northeast of Iran, bounded
by longitude: 58.17–59.30 °E, latitude: 35.40–36.39 °N (Fig. 1). The
basin area is 73,000 km2 of which 56% is plain area and the rest 46% is
mountainous. Elevation varies from 1050m.a.s. to 3300m.a.s.l. (Bina-
loud Heights) (Velayati and Tavassloi, 1991). Climate is characterized
as semi-arid to arid, with mean annual precipitation of 292mm, max-
imum/minimum air temperature of 42 °C/−24 °C, annual potential
evapotranspiration of 2335mm (Bannayan et al., 2010; Dehghan et al.,
2011). Izady et al. (2012) divided the basin into 199 catchments based
on their research. Groundwater is the primary source of freshwater in
the basin and covers 93.5% of the irrigated agriculture water demand
(Izady et al., 2012).

2.2. Remote sensing data

We used the Landsat 8 archive to classify the crop types and cal-
culate the actual evapotranspiration, a key component of crop water
productivity. The Landsat visible and infrared bands have a
30m×30m pixel size, and the thermal bands have a 60m×60m
pixel size. The Landsat sensors revisit each location on earth every 16
days. The entire study basin is covered by two orbits (paths/rows: 159/
35 and 160/35), spaced 7 days apart. We put together imageries from
the two orbits to form one imagery that covers the entire study area.
The Landsat data were directly downloaded from the Center Science
Processing Archive (ESPA, 2019 n.d.). We downloaded the Landsat data
for a one-year period (1 Oct 2014 – 10 Sep 2015), which is our study
period.

2.3. Methodology

Our methodology to develop crop water productivity involves the
following steps: (1) crop type classification using Landsat imageries, (2)
evapotranspiration computation using Landsat imageries, (3) pre-
cipitation computation using weather station data, (4) crop yield
computation using evapotranspiration estimates, (5) crop water pro-
ductivity computation using evapotranspiration and precipitation esti-
mates, and last (6) optimize crop area based on two different scenarios.
The methodologies involved in each step are briefly described below.

2.4. Crop type classification

We selected the Landsat 8 data for two different dates; 21 May
2015, and 25 August 25, that represent the winter and spring seasons,
respectively. We applied the supervised classification method to the
Landsat imageries to classify the crop types. We created multiband
raster images by combining Landsat bands 6, 5, and 2 (Peters, 2015).
The training samples were collected by the experts of the Government’s
Agricultural Organization, who made a field trip to the basin and col-
lected the latitude/longitude of each sample using GPS and noted the
corresponding crop type. The training samples (Table 1) were super-
imposed on the multiband raster images. The decision to assign crop
types to each of the Landsat pixels was made using the Maximum
Likelihood Method that utilizes the training samples and the reflectance
in the three bands of the multiband raster images. The Maximum
Likelihood Method is the most popular classifier and assigns the crop
type with a higher probability (Duda and Hart, 1973; Foody et al.,
1992; Jia et al., 2011). There are always errors in such satellite-based
classifications, and we assessed the accuracy of our classification
through validation involving additional ground truth data that were not
used in the training samples.

2.5. Actual evapotranspiration (ETa)

We estimated the annual actual evapotranspiration (ETa) based on
Landsat 8 imageries, for the period of 1 October 2014 to 10 September
2015. First, we downloaded the Landsat 8 imageries for clear-sky or
little-cloudy sky conditions (i.e. < 10% of the study basin covered
with clouds). This has resulted in 24 images during the study period, or

Fig. 1. Neyshabour Basin in Iran and its catchments.
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12 paired images covering the entire basin given that two images cover
the basin. Table 2 presents the date of image acquisition along with
other Landsat orbit information.

We applied the Surface Energy Balance Algorithm for Land (SEBAL)
method for computing ETa from the Landsat data (Allen et al., 2002a;
Bastiaanssen et al., 1998b, 1998a). The SEBAL method uses the energy
budget equation to calculate the latent heat flux (λET) as a residue of
the energy balance equation over each pixel at the satellite overpass
time:

= − −λET R H G,n (1)

Where Rn is the net radiation, H is the sensible heat flux, and G is the
soil heat flux, all in W m−2. Rn is computed as the sum of net shortwave
and net longwave radiation components:

= − + − − −↓ ↓ ↑ ↓R α R R R ε R(1 ) (1 )n s L L L0 (2)

Where, ↓RS is the incoming shortwave radiation [W m−2], ↓RL is the
incoming longwave radiation [W m−2], ↑RL is the outgoing longwave
radiation [W m−2], α is the land surface albedo, and ε0 is the land
surface emissivity. The main steps, and variables, involved in esti-
mating Rn are shown in the flowchart of Fig. 2.

For the Landsat 8 data, the land surface Albedo was estimated using
the following equation (Liang, 2000; Smith, 2010; Zanter, 2016):

=
+ + + + −

+ + + +
α

ρ ρ ρ ρ ρ0.356 0.130 0.373 0.085 0.072 0.0018
0.356 0.130 0.373 0.085 0.072

,2 4 5 6 7
(3)

Where, ρi represents the reflectance in spectral band i of the Landsat 8
satellite sensors.

For the Landsat 8 data, the surface temperature at the top of the
atmosphere (Ttoa) was obtained from the radiance measurements of
Landsat 8 thermal bands, 10 and 11, using the following equation (Li
et al., 2013):

=
+( )

T K2

ln 1
.toa K

L
1
λ (4)

where K1 and K2 are thermal conversion parameters for bands 10 and
11, respectively. Then, the Land Surface Temperature (Ts) is calculated
from Ttoa) using the following equation (Li et al., 2013):

= + × ×( )LST T
W ε1 ( ln ( )toa T

p NB
toa

(5)

where W is the wavelength of emitted radiance (11.5 μm), p is a con-
stant of 14380, and εNB is the surface emissivity (dimensionless)
(Badino, 2009).

The remaining equations, applicable for all thermal-based remote
sensing data, for estimating Rn are given in detail in Bastiaanssen et al.
(1998a,b) and Allen et al. (2002a), among others.

The soil heat flux (G), estimated as a fraction of the net radiation
(G/Rn), is estimated as (Richard G Allen et al., 2002a):

= + −G R T α α α NDVI/ ( / )(0.0038 0.0074 )(1 0.98 )n s
2 4 (6)

Where, NDVI is the Normalized Difference Vegetation Index, and Ts is
in °C.

The sensible heat flux, H, is computed using wind speed observa-
tions, estimated surface roughness, and surface-to-air temperature dif-
ferences (dT) that are obtained through a self-calibration between dry

Table 1
Training sample data used as input in the supervised method of crop type classification.

Crop Type Wheat Barley Tomato Maize

Area Covered By Crops (Ha) 1.5 10 6 8

Latitude Longitude Latitude Longitude Latitude Longitude Latitude Longitude

Geographic Coordinates At The Center Of The Area 36.229 58.835 36.224 58.833 36.181 58.876 36.229 58.835
36.228 58.835 36.223 58.834 36.182 58.876 36.229 58.835
36.226 58.832 36.225 58.840 36.183 58.875 36.229 58.834
36.225 58.832 36.226 58.840 36.182 58.875 36.222 58.828
36.228 58.834 36.226 58.839 36.182 58.874 36.222 58.827
– – 36.223 58.834 36.182 58.873 36.229 58.834

Table 2
Information (date and scene) on Landsat images used for annual actual eva-
potranspiration computation.

Set No. For
Landsat
Imageries

Landsat
Row

Landsat
Path

Date Of Observation:
Julian Day Starting From
January 1st.

Date Of
Observation

1 35 159 275 Oct 2. 2014
35 160 282 Oct 9. 2014

2 35 159 291 Oct 17. 2014
35 160 298 Oct 25. 2014

3 35 159 307 Nov 3. 2014
35 160 314 Nov 10. 2014

4 35 159 6 Jan 6. 2015
35 160 13 Jan 13. 2015

5 35 159 134 May 14. 2015
35 160 141 May 21. 2015

6 35 159 150 May 31. 2015
35 160 157 Jun 6. 2015

7 35 159 166 Jun 15. 2015
35 160 173 Jun 22. 2015

8 35 159 182 Jul 1. 2015
35 160 189 Jul 8. 2015

9 35 159 198 Jul 17. 2015
35 160 205 Jul 24. 2015

10 35 159 214 Aug 2. 2015
35 160 221 Aug 9. 2015

11 35 159 230 Aug 18. 2015
35 160 237 Aug 25. 2015

12 35 159 246 Sep 3. 2015
35 160 253 Sep 10. 2015

Fig. 2. Main equations and variables involved in computing the net surface
radiation (Rn) using the SEBAL method (Allen et al., 2002a).
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and wet pixels, following Bastiaanssen et al. (1998a,b). In Fig. 3, we
present the iterative process to estimate H from Landsat data using the
SEBAL method.

Once Rn, G., and H were estimated, the next step was to solve for
instantaneous λET for each pixel using Eq. (1). The instantaneous λET
was then scaled to the daily timescale using the following relationship
(Allen et al., 2002b):

=ET ET λET
λETa r

r (7)

where ETa denotes the daily actual evapotranspiration, ETr denotes the
daily reference crop evapotranspiration, λET is the instantaneous latent
heat flux, and the subscript r refers to the reference crop, in this case,
well-irrigated field. ETr was obtained by the ASCE Penman-Monteith
equation (Allen et al., 1998), and λETr is estimated using the SEBAL
method described above and the crop reference parameter values.

2.6. Crop yield

The actual crop yield (Ya) is estimated following the FAO 66 ap-
proach (Steduto et al., 2012):

⎜ ⎟ ⎜ ⎟
⎛
⎝

− ⎞
⎠

= ⎛
⎝

− ⎞
⎠

Y
Y

K ET
ET

1 1a

x
y

a

x (8)

where Yx and Ya are the maximum and actual yields (kg/ha), ETx and
ETa are the maximum and actual evapotranspiration (mm), and Ky is a

yield response factor representing the effect of a reduction in evapo-
transpiration on yield losses. The following steps were used to calculate
Ya:

i The maximum yield (Yx) was estimated for each crop using the FAO
33 approach (Doorenbos and Kassam, 1979).

ii The maximum evapotranspiration (ETx) was calculated for the en-
tire growing period and considers that the crop water requirements
are fully met. The Hargreaves-Samani method was used to compute
reference evapotranspiration using meteorological data at the sta-
tion site. The potential ET for each crop was obtained by multiplying
the reference evapotranspiration by the crop coefficient values,
which vary by crop type and stage of growth (Allen et al., 1998).

iii The actual ETa was obtained using the SEBAL method.
iv The yield response factor for each crop was obtained from the FAO

66 approach (Steduto et al., 2012). The response factor values were
1.05 for wheat, barley, and tomato, and 1.25 for maize.

2.7. Precipitation

Daily precipitation data were obtained from 13 meteorological
stations in the basin (See Table 3). We aggregated the data from daily to
monthly timescales. We estimated the precipitation for each catchment
by interpolating the station precipitation data using topo to raster tool.

2.8. Crop water productivity (CWP)

The Crop Water Productivity CWP (Kg/m3) is defined as the amount
of yield per cubic meter of water applied to irrigate the unit area of land
(m3). The CWP can be calculated using the following Equation (Steduto
et al., 2012):

= ×
−

CWP Y
ET P

0.1a

a e (9)

Where Pe is the effective precipitation that is a portion of the pre-
cipitation that is available for crops. We assumed that 80% of the
precipitation would be effective precipitation.

2.9. Financial crop productivity

Financial productivity can be defined differently with respect to the
unique situation. In this study, they are Income Productivity (IP) and
Profit Productivity (PP). As mentioned, the objective of this study is to
optimize income.

Fig. 3. The iterative process for computing sensible heat (H) from Landsat imageries using the SEBAL method (Allen et al., 2002c).

Table 3
Location of meteorological stations in the basin.

Station Name Longitude Latitude Elevation (M)

Neyshabour 59.13 35.16 1451
Bar Neyshabour 58.42 36.29 1520
Eshagh Abad 58.94 35.99 1120
Baghie 58.71 36.63 2035
Boozhan 58.94 36.32 1555
Ghasemieh 58.55 36.69 1670
Khayam 58.80 36.05 1230
Darrood 59.09 36.18 1445
Riz Ab 58.32 36.04 1160
Sarchah 58.41 36.63 1635
Soltan Meydan 58.44 36.80 1485
Somee 58.76 36.33 1360
Eshgh Abad Neyshabour 58.61 36.02 1170
Kelidar 58.52 36.76 1645
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Income productivity function, defined as the value of yield in $ per
cubic meter of water that applied to irrigate the crop. This can be de-
fined in the form of Eq. (10). Where Pe is effective precipitation which
has been estimated based on a method provided by Maidment and Mays
(1968).

=
× ×

−
IP

Y crop price
ET P

0.1a

a e (10)

Income productivity only considers farmer’s income, but what really
matters from farmers point of view is the maximum profit that can be
obtained, therefore another equation was defined, called profit pro-
ductivity. Thus, the farmers’ initial and continuous investment must be
deducted from income. Estimating the amount of farmers’ initial in-
vestment at basin level is quite impossible due to different manage-
ment, farm size, crop variety, and other factors. To simplify this pro-
blem, in this study due to global energy price, it is assumed that the
only investment that farmers should make is the money they should pay
for pumping up water from groundwater, which is a function of
groundwater depth. Groundwater level changes through the year, but
its changes are negligible. To estimate groundwater level in this study,
piezometer water level for the whole year was collected and input as a
point feature in ArcGIS software and then was interpolated through the
basin.

To calculate profit productivity as the objective function, according
to the above-mentioned definition Eq. (11) was used as below:

=

× × − − × ×

× ×

−
( )

PP

Ya Crop Price ETa P GWD

Energy Price

ET P

( 0.1) (( ) 9.81

)

( )

e

a e

0.0003
1000

(11)

Where GWD is the groundwater depth (m), energy price is the value of
each kilowatt-hour in the dollar ($/kWh).

Energy price was assumed as 10 cents/kWh. Crop prices were col-
lected based on the latest FAO report in 2014 for Iran which is 0.32$/
Kg for wheat and barley and 0.34 $/Kg and 0.28 $/Kg for tomato and
maize respectively.

2.10. Optimization of cultivation areas

Given that the current rate of groundwater use for irrigation is
unsustainable (i.e. groundwater use exceeds recharge rate), we asked
the question: To what extent should the cultivation area be reduced to
ensure sustainable groundwater use for irrigation with as little eco-
nomic impact as possible? To address this question, we used the fol-
lowing objective function:

∑ + + +max PP A PP A PP A PP A[ ( ) ( ) ( ) ( )]m w b t (12)

Constraints are:
(1) Crop land limits

+ + + = <A A A A A Am w b t c c current, (13)

(2) Crop area reduction factor

≤ ≤ =A
A

0.2 1.0, where i m, w, b, or ti

i current, (14)

(3) Gained area converted to only fallow land

− A
A

1 :converted to fallow landi

i current, (15)

(4) Groundwater withdrawal scenarios:
(4a) Maximum sustainable groundwater withdrawal

∑ − × ≤ ×ET P A P A( ) ( )a c e c basin basin, (16)

(4b) Conservative maximum sustainable groundwater withdrawal

∑ − × ≤ × ×ET P A P A( ) 0.75 ( )a c e c basin basin, (17)

where, Am, Aw, Ab, and At, are the optimal cultivation areas for maize,
wheat, barley, and tomato, respectively; Ac is the sum of the optimal
cultivation areas for all four crops combined; Ai,current is the current
cultivation area for each crop type i (i = maize, wheat, barley, and
tomato); Ac,current is the current total cultivation area for all four crops
combined; Abasin is the total area of the basin, and Pbasin is the basin-
wide precipitation depth.; ETa,c is the total evapotranspiration depth for
all the crops combined using the optimal cultivation areas, and Pe is
part of the rainfall that is used by the crops for evapotranspiration.

Constraint (1) ensures that the total cultivation area after optimi-
zation must be less than or equal to the total current cultivation area.
Constraint (2) guarantees that the area for each crop type should not be
less than 20% of its current cultivation area. Constraint (3) ensures that
the area that would be gained from each crop type due to the optimi-
zation would be fallowed, and not used for cultivating other crop types.
Constraint (4) is about limiting groundwater withdrawal for irrigation
to ensure sustainability. Two options are considered for this last con-
straint: first option (4a), where the maximum groundwater withdrawal
is allowed to go as high as the recharge rate (but not exceeding the
recharge rate), and second option (4b) is where the maximum
groundwater withdrawal is limited to 75% of the recharge rate.

The objective function (Eq. (12)) provides one way of calculating
the areas that could be reduced from each crop type in order to ensure
sustainable groundwater withdrawal for irrigation. The objective
function is based on maximizing the total profit productivity (i.e. profit
in dollar value per unit of water used) while meeting all the constraints
listed above. Such objective function tends to affect the cultivation area
of crops that have less profit and high crop water requirement (Fig. 4).

3. Results

3.1. Crop type classification

The results for crop type classification based on Landsat imageries
identified four major crop types in the basin: maize, tomato, barley, and
wheat. The areas covered by each crop type resulting from the classi-
fication are shown in Table 4. The dominant crop types vary by season.
During the spring season, the dominant crop types are Tomato and
Maize, accounting for 74% and 15%, respectively, of the total area
covered by crops. During the winter season, the dominant crop types
are Wheat and Barley, accounting for 44% and 40%, respectively, of the
total area covered by crops. The classification accuracy (overall accu-
racy of around 85%) was deemed acceptable (Camps-Valls et al., 2014)
based on the error matrix results presented in Tables 5 and 6 .

3.2. Actual evapotranspiration (ETa)

The annual (1 October 2014 to 10 September 2015) ETa values for
the dominant crop types are shown in Fig. 5 (Fig. 5a for tomato, Fig. 5b
for maize, and Fig. 5c for wheat and barley combined). We combined
the winter crops (wheat and barley) since they have a similar length of
the growth period, crop water requirement, and yield response factor.
Tomato has higher ETa (by about 30% more) than the other crops,
which have similar ETa. The spatial-mean annual ETa values were
1406mm, 1063mm, and 1096, for tomato, maize, and wheat/barley,
respectively. Tomato has higher spatial variability than the other crops,
perhaps due to its large areal coverage during spring (74% of the basin’s
agricultural areas was covered by tomatoes). The spatial Coefficient
Variation (CV) of ETa values were 0.97, 0.47, and 0.39, for tomato,
maize, and wheat/barley crops, respectively. Elevation accounts for
most of the spatial variability of ETa, as the correlation between ETa
and elevation were 0.62, 0.70, and 0.74, for tomato, maize, and wheat/
barley, respectively. High-elevation areas receive more rainfall and
hence have higher actual evapotranspiration.
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3.3. Crop yield

The annual crop yield (Kg/ha) values for the dominant crop types
are shown in Fig. 6a for tomato, Fig. 6b for maize, and Fig. 6c for wheat
and barley combined. Maize had the highest crop yield, followed by
wheat/barley. The average crop yield for maize was 90% more than
that for wheat and barley and 554% more than that for tomato. The
spatial-mean annual crop yield values were 28,216 kg/ha, 14,867 kg/
ha, and 4314 kg/ha, for maize, wheat/barley, and tomato, respectively.
The spatial variability of crop yield was largely explained by elevation
differences within the basin, as the correlation between crop yield and
elevation were 0.69, 0.74, and 0.53, for maize, wheat/barley, and to-
mato, respectively.

3.4. Crop water productivity (CWP)

The corresponding crop water productivity (Kg/m3) values are
shown in Fig. 7a for tomato, Fig. 7b for maize, and Fig. 7c for wheat and
barley combined. Maize had the highest CWP, followed by wheat/
barley, while tomato had very low productivity. The CWP of maize is

about 30% more than that of wheat/barley, and 310% more than that
of tomato. The spatial-mean CWP were 22.1 Kg/m3, 16.7 Kg/m3, and
3.1 Kg/m3, for maize, wheat/barley, and tomato, respectively. The
spatial variability of CWP is minimum for maize and tomato (CV under
0.10) and relatively higher for wheat/barley (CV of 1.36).

3.5. Financial productivity

Fig. 9 presents the profit productivity (profit in dollar value per
cube meter if irrigation water used) for the current cropping pattern.
According to the spatial-mean productivity values, maize has the largest
profit productivity 0.98 $/m3 (on average), followed by wheat and
barley 0.41 $/m3 (on average), whereas tomato has the least profit
productivity 0.06 $/m3 (on average).

It is to be noted that although maize has the lowest crop price
(0.28$/kg for maize compared to 0.32 $/kg for wheat and 0.34 $/kg for
tomato and barley), its crop yield is much higher than all the other
crops (22 kg/m3 for maize, 11.11 kg/m3 for wheat/barley, and 3.13 kg/
m3 for tomato). In addition, the crop water requirement for maize is
much lower (967mm for maize compared to 1502mm for wheat/
barley, and 1384mm for tomato, all spatial-average values).

By applying Eqs. (10) and (11), average income and profit pro-
ductivity for each crop were computed and results are shown in Fig. 8a,
b, c and 9 a, b, c for tomato, maize and wheat, and barley crops, re-
spectively in $ per cubic meter of water.

3.6. Optimization of cultivated areas

We first examine the current cultivation area for each crop type.
Wheat and barley account for 90.4% of the total cultivation area,

Fig. 4. Land use and crop type classification based on Landsat imageries during (a) spring season based on the imagery on Aug. 25, 2015, and (b) winter season based
on the imagery on May 21, 2015.

Table 4
The area covered by main crop types in the study region during spring (on Aug.
25, 2015) and winter (May 21, 2015).

Crop Type Spring Season Area (ha) Winter Season Area (ha)

Barley 274,992 1,788,440
Tomato 2,949,272 201,116
Maize 577,535 494,624
Wheat 169,432 1,962,066

Table 5
Error matrix for classification accuracy assessment during spring.

Class/Ref Maize Tomato City Mountain Desert 1 Desert2 Class Total User’s Accuracy (%)

Maize 40 0 0 0 0 0 42 95.2
Tomato 0 39 0 0 0 0 40 97.5
City 8 1 35 1 0 0 52 67.3
Mountain 1 3 0 43 0 3 50 86.0
Desert 1 0 0 0 2 15 2 19 78.9
Desert 2 0 0 1 1 5 25 32 78.1
Reference Total 50 53 38 47 20 30 225 Overall accuracy
Producer’s Accuracy (%) 80.0 73.6 92.1 91.5 75.0 83.3 Overall accuracy 87.6
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whereas maize and tomato account for 3.8% and 5.8%, respectively.
The overall profit productivity is 0.48 $/m3 (water), and the ground-
water withdrawal exceeds the recharge rate (result not shown).

Next, we examine the optimized cultivation areas for the scenario
where the maximum groundwater withdrawal is equal to or less than
the recharge rate (see Eq. (16)). The optimal results are (see Table 7):
(a) keep the cultivation area for maize as is, (b) reduce the cultivation
area for tomato to the minimum possible (in our study, 20% of the
current size is arbitrarily set as a minimum), and (c) reduce the culti-
vation area for wheat and barley by 1%. This translates to fallowing
1908.2 ha of agricultural area (or 4% of the total agricultural area),
obtained through fallowing 1512.8 ha of the agricultural area used for
tomato and fallowing 395.4 ha of the agricultural area used for wheat
and barley. The overall profit productivity is 0.48 $/m3 (water). In
addition, the optimized cultivation areas ensure that the groundwater
withdrawal is within safe yield.

Finally, let us examine the optimized cultivation areas for the sce-
nario where the groundwater withdrawal is below 75% of the recharge
rate, a constraint introduced to gradually increase the groundwater
level to bring it to where it was several years ago. The optimal results
(see Table 7): are: (a) keep the cultivation area for maize as is, (b)
reduce the cultivation area for tomato to the minimum possible (in our
study, 20% of the current size is arbitrarily set as a minimum), and (c)
reduce the cultivation area for wheat and barley by 13%. This translates
to fallowing 7104.6 ha of agricultural area (or 15% of the total agri-
cultural area), obtained through fallowing 1512.8 ha of the agricultural
area used for tomato and fallowing 5601.4 ha of the agricultural area
used for wheat and barley. The overall profit productivity is 0.48 $/m3

(water). In addition, the optimized cultivation areas ensure that the
groundwater withdrawal is always less than 75% of the recharge rate,
implying rising groundwater level over time.

4. Discussions

In arid and semi-arid regions such as the study area, where water is

more scarce than arable land. The CWP concept provides useful indexes
to assess crop production increase or water saving in irrigated agri-
culture (Van Dam et al., 2006). As illustrated in Table 1, studied major
crops occupied more than 84% of cultivated land which 92% of it, is
irrigated fields.

Different indexes have been provided to assess crop production in-
crease, but in many studies estimating financial crop productivity have
been ignored or accomplished at the farm scale, not a basin due to its
financial and practical difficulties. In Iran, due to recent (since 2017)
sanction alongside farmers’ poor income, crop financial productivity
attracted more attention. Meanwhile, energy is an essential factor for
irrigation and considering its price in crop financial productivity is
inevitable. The new approach presented in this paper, not only include
crop prices in financial productivity but also consider energy price
which has a direct relation with groundwater depth and availability
(Daccache et al., 2014).

Due to the regional variations in ET, the point observation of ET in
field experiment has limited application at a regional scale (Mauser and
Schädlich, 1998). The development of remote sensing technique in re-
cent decades not only has made it possible to estimate the ET over re-
gional scale but also make it possible to estimate the water application
indexes spatially (Li et al., 2008; Peña-Arancibia et al., 2016). Some
regional studies have been accomplished in past at farm scale not
spatially at the basin scale. The main scientific contribution of the
manuscript is to estimate CWP, IP, and PP spatially at the basin scale.
Since the studied basin has a very different climate from place to place
the current study results give water governors and stakeholders a vision
to investigate different crops at suitable HRU. For sure the method was
provided in the manuscript is not new but the spatial distribution of
Crop Water Productivity indexes are new information for water gov-
ernors in Iran. Neyshabour basin has about 500,000 population with
fertile soil but little renewable water resources 235mm/year which
cannot meet the need.

As mentioned in Section 3.1 (Crop Type Classification), two sets of
satellite images were obtained with 7 days interval to cover the whole

Table 6
Error matrix for classification accuracy assessment during winter.

Class/Ref Barley Wheat City Mountain Desert 1 Desert2 Class Total User’s Accuracy (%)

Barley 42 9 2 0 0 0 61 68.9
Wheat 0 25 0 0 0 0 28 89.3
City 6 1 35 1 0 0 52 67.3
Mountain 0 0 0 43 0 3 50 86.0
Desert 1 0 0 0 2 15 2 19 78.9
Desert 2 0 0 1 1 5 25 32 78.1
Reference Total 48 38 38 47 20 30 218 Overall accuracy
Producer’s Accuracy (%) 87.5 65.8 92.1 91.5 75.0 83.3 Overall accuracy 84.9

Fig. 5. Spatial distribution of annual actual evapotranspiration in the study basin for the period 1 October 2014 to 10 September 2015 for the following crops: (a)
tomato and (b) Maize, and (c) wheat and barley.
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basin. Different images with different properties cause some error to
estimate non-agricultural classes. However, in the current study, we are
only looking for agricultural classes which have not been overestimated
by comparing with official reports (Khorasan Razavi Agricultural Jihad,
2015).

The aim of this study was to optimize crop area by considering
water-energy productivity in Neyshabur basin. Since the water shortage
has become a major limiting factor for sustainable development of
agriculture in the basin (Li et al., 2008; Van Dam et al., 2006). In this
respect, water-energy crop productivity by considering some simpli-
fying assumption was calculated through the basin and then crop area

optimization under two scenarios (available water are equal to annual
renewable water and available water are equal to 75% of annual re-
newable water) were performed to assess water saving in irrigated
agriculture. To accomplish this study some inevitable simplifying as-
sumptions were considered which affects the results. These assumptions
including no pesticides and fertilizers were implied by farmers, no
workers wage, no fuel consumption during planting to harvest and
farms management are all the same.

Reducing cultivation area as a solution to maintain groundwater
level have been suggested in US high plains and central valley (Esnault
et al., 2014; Scanlon et al., 2012; Sophocleous, 2005). Table 7

Fig. 6. Spatial distribution of annual crop yield (Kg/ha) in the study basin for the period 1 October 2014 to 10 September 2015 for the following crops: (a) tomato
and (b) Maize, and (c) wheat and barley.

Fig. 7. Spatial distribution of crop water productivity (Kg/m3) in the study basin for the period 1 October 2014 to 10 September 2015 for the following crops: (a)
tomato and (b) Maize, and (c) wheat and barley.

Fig. 8. Average income productivity distribution through basin and sub-basins for (a) tomato, (b) maize and (c) wheat and barley.
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illustrates 4% and 15% total cultivation area reduction in order to
maintain groundwater steady under each scenario (maximum ground-
water withdrawals are equal or less than the value of renewable water
during the water year and maximum groundwater withdrawals as-
signed to be less than 75% of the renewable water), respectively.

In northern and north-eastern of the basin higher productivity value
has been estimated. But these areas are mostly mountainous so the
fewer area has been cultivated. This contradiction happened due to
higher evapotranspiration value (lots of steep valleys full of water are
located in northern and north-eastern mountains) which results in
higher yield and consequently higher productivity. Since the mean
value of productivity pixels considered as the average productivity for
each HRU, not the crop cultivation area, even a small cultivated area
would have a great impact on the final results.

5. Conclusions

The Neyshabur basin in Iran is facing increasing water scarcity
challenges, as its groundwater table is declining each year due to un-
sustainable groundwater withdrawal for irrigation. One approach for
addressing the unsustainable groundwater withdrawal is to convert
some of the agricultural lands to fallow land. For example, this ap-
proach has been implemented in the U.S. high Plain and Central Valley
region (Esnault et al., 2014; Scanlon et al., 2012; Sophocleous, 2005).
However, to be most effective, techniques for identifying those agri-
cultural areas that would be converted to fallow land, require an op-
timization strategy that reduces the overall economic impact.

The purpose of this study was to develop guidance on those agri-
cultural areas that would be reduced to fallow land for policymakers for
ensuring sustainable groundwater withdrawal for irrigation. We used
maximizing profit productivity (profit in dollar value per cubic meter of
irrigation waters used) as an objective function to optimize cultivation
areas for each crop type. The profit productivity takes into account crop
sales obtained by multiplying the crop yield by the unit crop price,
energy cost for pumping groundwater, and irrigation water withdrawal.
We used Landsat satellite imageries to calculate the crop yield and ir-
rigation water withdrawal, and available in-situ groundwater level and

precipitation data to calculate energy costs.
Our results reveal the following:

• Maize has the highest profit productivity, followed by wheat and
barley, whereas tomato has the least productivity. The profit pro-
ductivity of Maize is 1.36 times higher than that of wheat and barley
and 15 times higher than that of a tomato.

• In order to minimize the economic impact of fallowing land, we
recommend fallowing agricultural lands used for growing tomatoes
to the extent it is possible. If the additional area is required, the
areas used for growing wheat and barley can be considered.

• Our optimization results indicate that sustainable groundwater
withdrawal (i.e. groundwater withdrawal equal to or less than the
recharge rate) can be achieved by reducing the total cultivation area
by only 4%, provided that this is obtained through fallowing most of
the tomato agricultural land.

• Our optimization results for the conservative sustainable ground-
water withdrawal scenario (i.e. groundwater withdrawal equal to or
less than 75% of the recharge rate) can be achieved by reducing the
total cultivation area by 15%, provided that this is obtained through
fallowing most of the tomato agricultural land and significant por-
tion (about 13%) of the wheat/barley agricultural land.

Our optimization approach can be adjusted to suit to various other
constraints and requirements set by stakeholders and policymakers.
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