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Abstract: The grey water footprint theory was introduced into a fractional programming model to
alleviate non-point source pollution and increase water-use efficiency through the adjustment of crop
planting structure. The interval programming method was also incorporated within the developed
framework to handle parametric uncertainties. The objective function of the model was the ratio of
economic benefits to grey water footprints from crop production, and the constraints contained water
availability constraints, food security constraints, planting area constraints, grey water footprint
constraints and non-negative constraints. The model was applied to the Hetao Irrigation District of
China. It was found that, based on the data in the year of 2016, the optimal planting plans generated
from the developed model would reduce 34,400 m® of grey water footprints for every 100 million
Yuan gained from crops. Under the optimal planting structure, the total grey water footprints would
be reduced by 21.9 million m?, the total economic benefits from crops would be increased by 1.138
billion Yuan, and the irrigation water would be saved by 44 million m3. The optimal results could
provide decision-makers with agricultural water use plans with reduced negative impacts on the
environment and enhanced economic benefits from crops.

Keywords: grey water footprint; fractional programming model; interval parameter; crop
planting structure

1. Introduction

As populations expand, economies grow and dietary preferences change, the demand for
agricultural production is expected to rise in the future [1,2]. For the countries that lack water and land
resources, the use of agrochemicals, such as chemical fertilizers and pesticides, has been intensified
to squeeze more food out of the land [3,4]. However, the leaching of agrochemicals may cause the
pollution of surface and ground water [5,6]. Minimizing the pollution caused by cultivation activities
while ensuring food production has become a pressing issue. Optimizing the planting structure
(planting areas of different crops) could be an effective way to reduce the negative impacts of crop
production on the environment and promote an efficient and sustainable use of water resources
in agriculture.
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Previously, programming models have been widely used to address optimization problems in
many fields [7-11]. There also were many attempts in agricultural systems which used optimization
methods [12,13]. Earlier attempts were largely focused on single-objective optimization of agricultural
systems, where economic performance was considered as the primary objective to maximize financial
return of farmers [14]. In these models, the complexity of ecological effects was largely ignored.
Recently, more targets were considered in the optimization of agricultural systems, and a number
of studies based on multi-objective programming approaches were reported [15,16]. Multi-objective
methods usually combined objectives of multiple aspects into a single measure on the basis of subjective
assumptions, where identification of weighting factors or economic indicators was considered difficult.
Selecting solutions from the Pareto front would bring additional difficulties to optimization decisions.
Moreover, multi-objective programming methods could not measure system efficiency represented as
output/ input ratios [17]. Fractional programming is an effective tool to deal with optimization of ratios,
where the objective is the quotient of two functions (e.g., cost/time, cost/volume, or output/input) [18].
It could directly compare objectives of different aspects through the original magnitudes and provide
an unbiased measurement of system efficiency [17]. There were many studies which used fraction
programming in agricultural systems [19,20].

However, the previous fractional programming models couldn’t handle both uncertainties and
negative eco-environmental impacts of crop production simultaneously. Economy parameters in the
model (such as crop prices, planting costs, and sewage treatment costs) fluctuate with the market.
Technology parameters (such as crop productivity and irrigation water utilization coefficient) vary
with natural environmental factors (e.g., soil and climate). Hydrology parameters are not fixed in
real-world problems as well. For example, pollution leaching rate varies with irrigation water volume
and geographical areas. Moreover, the application and utilization rates of agrochemicals to different
farmlands vary with specific crops. Therefore, pollution leaching has large spatial uncertainties. In
addition, there exist uncertainties in different periods. The matter flow mediated downward movement
of pollutants varies with the irrigation periods. During different irrigation periods, the factors, such as
the temperature, the stage of crop growth and the amount of irrigation, vary, while the matter flow
mediated downward movement of pollutants is related to these factors. Inexact optimization methods
could take into account various complexities. In order to quantitatively describe the complexities in
ecological effects from the crop production process described above, it is necessary to introduce the
concept of grey water footprint.

The grey water footprint [21] allows quantifying the negative impacts of agricultural production
on the water quality. The grey water footprint refers to the volume of water required to dilute the
contaminants that accompany the production process [22]. Previous studies [23,24] only evaluated
and calculated the grey water footprint, but could not support related decisions. For example, Cao
et al. [25] applied the grey water footprint theory to the Hetao Irrigation District, calculated the
grey water footprint of grain production, but couldn’t propose a concrete plan for planting structure
adjustment. A number of studies have optimized crop planting structures based on water footprint
theory [26-28]. Nevertheless, previous studies could barely handle uncertainties in the grey water
footprints or incorporate grey water footprints into decision processes.

Therefore, an agricultural water management model based on grey water footprints, fractional
programming and interval programming is established in this study. Considering the complexity of
pollution leaching during crop production, the study quantifies the negative effects of crop production
using the grey water footprint theory. The model based on interval fractional programming aims at
maximizing the economic benefits from unit grey water footprint and seeks a comprehensive and
optimal planting plan. It also takes various uncertainties in factors, such as economy, technology, and
hydrology, into account. The model could provide a theoretical basis and serve as a decision-support
tool for the optimization of crop planting structure.
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2. Complexities of Agricultural Water Management Problems

The parameters in agricultural systems and their interrelationships are uncertain which can be
reflected in many aspects of hydrology, economy and technology. Uncertainty increases the complexity
of the optimization process. Ignoring these uncertainties may lead to large errors and even erroneous
decisions [29]. Therefore, it is important to consider these uncertainties into the process of building the
model, which can make the model closely reflect real-world problems.

Agrochemical transfer process is illustrated in Figure 1. Agrochemicals applied in farmland soil
are partially absorbed or utilized during crop growth, some of which remain in the soil. In addition,
some agrochemicals are inevitably lost due to leakage, volatilization, denitrification and runoff [30].
The loss of agrochemicals will leach deep into the soil, enter the groundwater with irrigation or rainfall,
or be discharged into the water body through farmland runoff. For arid or semi-arid areas with
features of drought, pollutants are mainly lost through leaching. The leaching of pollutants in the soil
requires two conditions, namely the accumulation of contaminant [31] and the matter flow mediated
downward movement of pollutants [32]. Due to the small rainfall in arid or semi-arid areas, the
irrigation processes become the main driving factor for contaminant leaching to the deep layer of the
soil and entering the groundwater. The leaching of agrochemicals not only causes the pollution of
surrounding environment, but also exacerbates the eutrophication of water bodjies.

Pollutant discharges in different types of farmlands, different geographical regions and different
periods vary. Considering the large area of the agricultural system, the dilution of pollutants in
different planting areas is actually completed by different water bodies. The contaminants caused
by agricultural production in a certain area may discharge to near and distant waterbody because
of the fluidity of water and human impact [33]. The composition of non-point source pollutants is
complex, and the same water can dilute component 1, component 2, and component 3, which is shown
in Figure 1. Grey water footprint is determined by the pollutant that requires the most dilution [34].
There is a great deal of uncertainties in the grey water footprints from crop production.

Taking nitrate, which is the most common and widespread contaminant in groundwater, as an
example. Having a thorough understanding of the interactive processes within the nitrogen migration
is important for decision making [35]. A previous study has shown that nitrogen loss through leaching
is mainly nitrate nitrogen [30]. Due to the different application and utilization rates of nitrogen fertilizer,
the mediated downward movement of nitrogen in different types of farmland soils varies [36]. Hu et al.
found that the leached nitrogen content was positively correlated with the amount of irrigation water
in the dry land [37]. Therefore, there are spatial differences in leaching processes, which need to be
considered separately for different crops and different geographical regions. In addition, there are still
temporal uncertainties in the leaching of nitrogen. Experimental results of Ou et al. indicated that the
nitrogen leaching in the field during the autumn irrigation period played a decisive role [38]. During
summer irrigation, as the temperature is high, the microbial activity is strong and the denitrification
reaction is easy to occur, nitrate nitrogen is first converted into NO, and N, and then released to the
atmosphere. Moreover, summer irrigation happens in the growth stage of crops when transpiration
is strong, it has an impeding effect on the matter flow mediated downward movement of nitrogen.
The matter flow mediated downward movement of nitrogen during summer irrigation is not obvious,
which mainly occurs in the surface of soil rather than the groundwater. It could be seen that the
leaching of nitrogen has both spatial and temporal variations.
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Figure 1. Agrochemical transfer process.

3. Methodology

3.1. Interval Grey Water Footprints Estimation Method

Uncertainties existing in the processes of pollutant migration and transformation could
result in uncertainties in grey water footprints. The uncertainties could be handled by
interval programming [39,40], fuzzy programming [20,41,42] and stochastic programming [43,44]
methods, according to the formats in which uncertainties are expressed. Solving exact models is
relatively easy because the parameters are deterministic. For inexact models, the values of parameters
are uncertain. Usually, distribution information or membership functions of parameters are difficult
to obtain; on the contrary, the lower and upper bounds of uncertain parameters can be easily
obtained [45]. Interval mathematical method is capable of handling input uncertainty expressed as
interval parameters. An interval parameter a* does not require distributional information, and can be
expressed as a* = [a7,a "], where a™ and a* represent the lower and upper bound, respectively [46].
Therefore, an interval grey water footprints estimation method is developed in this study, which is
based on the grey water footprint method proposed by Hoekstra et al [22,33].

The total grey water footprint G* is summed by the grey water footprint related to each water body:

Gizzwg]#,j:m,---,n €h)

where Wg]* is grey water footprint of the j-th water body.

PI*
Wg#:%,jzl,z,...,n )
! C]T—max - Cj_—net
PIE = A%* TP o 3)

+
j—max
pollutant in the j-th water body allowed by the water quality standard; C?—net is the initial concentration

where Pl;—’ is the discharge of pollutant into the j-th water body; C is the maximum concentration of

of pollutant in the j-th water; TPI* is the total discharge of pollutant; /\]? is the proportional coefficient
of the pollutant discharged into the j-th water body; and " is the leaching rate of the pollutant.
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3.2. Agricultural Water Management Model Based on Grey Water Footprints

This paper establishes an agricultural water management model based on grey water footprints
to deal with the optimization of ratio and uncertainties in pollutant migration and transformation. The
model is based on the grey water footprint theory, taking into account both the economic benefits and
the grey water footprints resulting from the loss of agrochemicals associated with the crop growth
period and the end of the growing season. The optimized results could maximize the economic benefits
from a unit grey water footprint during crop production and reasonably determine the areas of crops
in different regions.

The model consists of five equations: objective function equation, water availability constraints,
food security constraints, planting area constraints, grey water footprint constraints, and non-negative
constraints. The following is a detailed description of the model formulation.

3.2.1. Objective Function

I ] I ]
L L OGP =GOS - B B Qu+ Q) S E

maxf = maxfi/ f» :max[ L
i=1j=

! ] + + SiFi / ! I + Si/ C Ci ! J + Si/ C Ci (4)

_El ]El ( aij + Qbij)' ij’ ; ) Quij' ij ( m ai) + El El Qbij' ij ( m bi)
where f is the economic benefits obtained from the unit grey water footprint value of crop production,
Yuan/m?; f; is the sum of the economic benefits obtained from the production of various crops in
different regions, Yuan; f; is the grey water footprints caused by agrochemical leaching, m?; i means
different areas in agricultural system; j represents main crops in agricultural systems; Q;.]. is the amount

+
ij
the planting area of different crops, hm?; C,, is the maximum concentration of pollutants allowed in

of agrochemical leaching from different types of soil in different regions during period a, kg/hm?; S% is
the environment, kg/m?; C:, is the original concentration of agrochemical in groundwater in different
regions during period a, kg/m?; Q;fi]. is the amount of agrochemical leaching from different types of

soil in different regions during period b, kg/hm?; C; is the original concentration of agrochemical in
groundwater in different regions during period b, kg/m3; Yl.i]. is the productivity of the j-th crop in the

i-th region, kg/hm?; P;*' represents the unit price of the j-th crop, Yuan/kg; C;*' represents the cost of
planting the j-th crop per unit area, Yuan/hm?; (Y:—;P;—’ - C;—’) represents the profit value obtained from

the planting area of the j-th crop unit in the i-th region, Yuan/hm?; E* is the unit price of nitrogen
supplemented to the soil after nitrogen leaching, Yuan/kg; and F* represents the cost of processing the
unit input of nitrogen discharged into the water body, Yuan/kg.

The objective of this model is the ratio of economic benefits to negative impacts on the environment.
The numerator represents the sum of the economic benefits produced by cropping, and the denominator
represents the sum of the grey water footprints caused by nitrogen leaching during crop production.
The goal of the model is to seek optimal crop planting structures through a balance of economic benefits
and negative impacts on the environment.

3.2.2. Water Availability Constraints

For each region, it must be ensured that the water demand for crop production does not exceed
the amount of water available. Water availability constraints are represented by Equation (5).

J
ZM, S < NFp* ®)
=1

=T
SH
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where M;—’ is the irrigation quota of the j-th crop, m3/hm?; N¢# is the agricultural available water in the

i-th region, m3; and p* is the irrigation water utilization coefficient.

3.2.3. Food Security Constraints

In order to ensure that the demand for food production is met, it is necessary to limit that the
outputs of various crops are no less than the minimum social demands. Food security constraints are
represented by Equation (6).

1r1-
Ry H'
Ray |+
“ H

(6)

i=1

where D]# is the minimum social demand for the j-th crop, kg.

3.2.4. Planting Area Constraints

It is necessary to ensure the optimal crop planting area should be not exceed the total available
area. The constraints are represented by Equation (7).
/

I ]
Y Y siesi-Y Y 2

i=1 j=1 i=1 j=1

SUH

The area that can be provided for a particular crop depends on the area that is currently present.
The constraints ensure that the optimized area is suitable for crop growth, that is, it can meet the
soil and climatic conditions required for crop growth. The available planting area is the sum of the
original crop planting areas, and the original planting area of each crop is expressed by parameter SOZ].
It should be noted that 57 and S is different and should not be confused.

In addition, C0n51der1ng the production safety of different crops, the change of planting area of
each crop should be within a certain range, expressed by Formula (8).
S;lz] < S:; < S;’hl] ®)
where S*. and S 1nd1cate the lower and upper bounds of the planting area of the j-th crop in the i-th
region, respectlvely

3.2.5. Grey Water Footprint Constraints

Grey water footprint caused by crop production should be no more than the current footprints
prior to optimization to avoid the overly serious impact of the optimized results on the environment.
The constraints are represented by Equation (9).

GWFj: i i Q“i’J S’i] i Z]“ Q;‘] S’i;

j=1 Cn=Coi = 1j=1 Con )
+ Ql-;l] S;—lj L] Qbiz]S;LI]
< GWF;, Z): =t X Y =
i=1j=1 Gn=Ci 3 j=1 " b

3.2.6. Non-Negative Constraints

Crop planting areas cannot take negative values, which can be expressed as follows:

SE>0 (10)
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3.3. Solution Method

The agricultural water management model based on grey water footprints is solved by LINGO
software [47]. LINGO is a comprehensive tool designed to make building and solving linear and
nonlinear optimization models. LINGO provides a completely integrated package that includes a
language for expressing optimization models, an environment for building and editing problems, and
a set of built-in solvers. We built and solved the model in the modeling environment LINGO provided.
And the study used callable OLE interfaces in LINGO.

The model can be solved based on the solution methods for interval fractional models [17,19,45].
The objective function can be transferred into sub model f* and sub model f~. Sub model f~ is

as follows:
L + o oFy(Ft ey ]e- . Q+ Qu -
maxf” = g -p-_C+ + 4L Ot (ET + FH)].s+ / " Q+ bel’ + an
+l=§+1[(yl 'Pl _Cl ) - (Qul * le).(E +F )].Sl +l:§+1 (Cm C Cin— CJr )'Sl
subject to
Lt £y o e + -y
Z|M,—' sign(M;)S; +Z(Ml—| sign(M;)S," < N;-p~, Vi (12)
l l
= . + +|t+ . +] - — .
Y 1Y) Tsign[ (<Y *]s; 4 )| (=i | sign[(-1)*]s; < (-Dp)7,vj (13)
l l
S/ <S,, (14)
=S, < (=Son)” (15)
n
Zs +2 sF<Y.s; (16)
=1 I=k+1 1=1
k i + +
)y (Cm =+ cfb[@) Sig"(c Qc+ + CQMC* )S_+ 1 Q- Q7
=1 B < o _FM_ls- (17)
;- fz?z QS \ sionf 2aSe 4 QidSa\g+ | S\ Cn=C;  Cu-C
Z C C + C C+ Slgn C _Ci + C C+ S ]:1 al
l:k+1 m m m al m
520 (18)
From sub model f~, we can obtain the optimal solutions as S]opt( j=1,...,k) and S;gpt( j=
k+1,...,n). Submodel f* incorporating interactions between the two sub models is then formulated
as follows:
[(vFPF = C) = (Qn + Q) (B~ + F)] (2 % st
[0 P =€) = (Qq + Q) (B +FO)] ) L (g + oS,
maxfT = =1 / =1 Q‘ o (19)
£ 2 NOP =G =@+ QI E +EIS) | + L (2= +520)S
I=k+1 I=k+1
subject to
Y M Csign(mz)s, + Y Mz Tsign(MF)S; < NFp*, Vi (20)
1 1
- + . - .
Y v [sign[(—v)*]s;+ ) [(=Y0)*| "sign[(-v1)*]s; < (-Dy)*, Vi (21)
l 1
Si<S}, (22)

— 81 < (=Sou) ™ (23)
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! lt’

From the sub model corresponding to f*, we can obtain the optimal solutions as S]TOpt( j=
k+1,...,n) and S;;pt(j =1,...,k). At this point, the entire solution S=[S",S*] of the model can be

obtained through combing the solutions from sub model f~ and f7, the technical framework for the
developed model and its solution method is illustrated in Figure 2.

o) (ottcions
Ecological impact

complexity
—v@lterval programming mod@ C Fractional programming )
Grey Water
Footprint

v
(&gnculmral water management model)

based on grey water footprints

|
I }

( Lower bound model f* > /—’C Upper bound model £ )
Chﬁeracﬁve constrajn‘r>

4 + Y

Solution Solution
Srjept (j=1,***,k) and Sjept Sppt(j=k+1,++n) and Sope
(Fk+1,m) (=1, k)

| |
v

( Final optimal solution )

Figure 2. Technical framework of the developed model.

4. Application

4.1. Overview of the Study System

The study area is shown in Figure 3. The Hetao Irrigation District is the largest gravity irrigation
area in Asia. Part of the Hetao Irrigation District which is located within Bayannaoer City (40°13’~42°28’
N and 105°12’~109°53" E) on the northern border of China is considered in this study. Study area is
divided into 7 regions according to administrative divisions of Bayannaoer City, which consists of
Dengkou County, Hanghou Banner, Linhe District, Wuyuan County, Urad Front Banner, Urad Middle
Banner, and Urad Rear Banner. The total land area of the Hetao Irrigation District is 11,900 km? and the
irrigated area is 7300 km?Z. The main crops are wheat, corn, sunflower and so on. Cash crops include
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tomato, watermelon, etc. The climate in the Hetao Irrigation District is arid. The rainfall is about
150mm, whereas the evaporation is about 2200 mm per year. Agricultural production must depend on
irrigation. Wuliangsuhai is a freshwater lake located in Urad Front Banner with an area of 300 km?.

There are many problems associated with the agricultural production in the Hetao Irrigation
District. Agricultural water use is inefficient. As China’s main grain production base, the intensive
application of chemical fertilizers has serious impacts on the environment [36]. In particular, nitrogen is
the most widely applied fertilizer in the Hetao Irrigation District, but the nutrient utilization efficiency
is only 30% [48]. During summer and autumn irrigation activities, nitrate in the soil leaches deep into
the groundwater. Nitrogen leaching not only causes the loss of nitrogen nutrients in the soil, but also
exacerbates water pollution. The return water from farmland containing a large amount of pollutants
from Hetao Irrigation District enters into the Wuliangsuhai lake, which intensifies the eutrophication of
the lake. Decision-makers need to address the problems of non-point source pollution and unreasonable
water resource use at the same time. It is urgent to mitigate the negative environmental impacts from
agricultural irrigation in the Hetao Irrigation District through formulating a scientific and rational
water and soil resource use system.

105°E 106°E 107°E 108°E 109°E 110°E
1 1 1 1 1 1 L 1 | L 1
42°30'N- . w_/‘_‘\'\/’\_'_\\ F42°30'N
A //< /JJ
42°0N e l 420N
Urad Middle Banner i\
41°30'N A r— F41°30'N
Urad Rear Banner
41°0'N 4 Wuyuan F41°0'N
e z Urad Front Bannét::
Ny \-7"',') -
40°30'N “\,m ; 40°30°N
‘Wuliangsuhai i
T T T T T T
105°E 106°E 107°E 108°E 109°E 110°E

Figure 3. Study area.
4.2. Data Collection and Treatment

Data collection involved in objective function is as follows. Data on planting areas and crop
yields were obtained from the Bayannaoer Statistical Yearbook and Bayannaoer Agriculture and Animal
Husbandry Bureau. The prices of crops were quoted from the China Agricultural Information
Network [49]. The unit costs for cultivating various crops and the unit prices of nitrogen fertilizers
applied to farmlands in the study area were quoted from the National Agricultural Products Cost-benefit
Data Collection.

The amounts of nitrogen leached during the summer and fall irrigations in different counties are
shown in Table 1. Nitrogen loss during autumn irrigation of different crops in Hanghou was based on
the study of Feng et al. [36], nitrogen loss in wheat fields was relatively high than other fields, and
nitrogen loss in other fields was similar. Hu et al. [37] found that nitrogen loss is positively associated
with irrigation water volume. Therefore, we made assumptions of nitrogen loss in other counties based
on the study of Hu et al. [37] and the irrigation water volume of other counties. Ou et al. [38] indicated
that the nitrogen loss during the autumn irrigation period was much more than summer irrigation.
Therefore, we also made assumptions of nitrogen loss based on the irrigation water volume. Original
nitrate nitrogen concentrations were based on the observations by Ou et al. [38] and Chang et al. [50],
which is shown in Table 1.
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Table 1. Data collection about nitrogen loss and surplus.
. . Urad Front Urad Middle Urad Rear
Attribute Crop Type Dengkou Hanghou Linhe Wuyuan Banner Banner Banner
wheat [25.0, 25.6] [22.4,23.0] [23.1,23.7] [23.4, 24.0] [24.4,25.0] [19.8,20.4] [20.5,21.1]
Nitrogen loss in summer corn [3.6,4.2] [4.3,49] [4.1,4.7] [5.0, 5.6] [3.5,4.1] [3.2,3.8] [3.1,3.7]
irrigation Q, sunflower [2.5,3.1] [3.0,3.6] [2.9,3.5] [2.8,3.4] [2.6,3.2] [2.2,2.8] [2.4,3.0]
(kg/hm?) tomato [4.8,5.4] [4.7,53] [4.7,5.3] [5.0,5.6] [5.0, 5.6] [54,6.0] [5.2,5.8]
watermelon [4.4,5.0] [3.7,4.3] [3.9, 4.5] [4.0, 4.6] [3.5,4.1] [3.6,4.2] [3.5,4.1]
wheat [250.0,256.0] [224.0,230.0] [231.0,237.0]  [234.0,240.0]  [244.0,250.0]  [198.0,204.0]  [205.0,211.0]
Nitrogen loss in autumn corn [36.0, 42.0] [43.0, 49.0] [41.0, 47.0] [50.0, 56.0] [35.0, 41.0] [32.0, 38.0] [31.0, 37.0]
irrigation Qy, sunflower [25.0, 31.0] [30.0, 36.0] [29.0, 35.0] [28.0, 34.0] [26.0, 32.0] [22.0, 28.0] [24.0,30.0]
(kg/hm?) tomato [48.0, 54.0] [47.0, 53.0] [47.0, 53.0] [50.0, 56.0] [50.0, 56.0] [54.0, 60.0] [52.0, 58.0]
watermelon [44.0, 50.0] [37.0, 43.0] [39.0, 45.0] [40.0, 46.0] [35.0, 41.0] [36.0, 42.0] [35.0, 41.0]
Background concentration of nitrogen in groundwater
before summer irrigation Cy (kg/m®) [0.008,0.012]  [0.008,0.012]  [0.008,0.012]  [0.003,0.007]  [0.003,0.007]  [0.003,0.007]  [0.003,0.007]
Background concentration of nitrogen in groundwater 1) 103 (0071 [0.003,0.007]  [0.003,0.007]  [0.001,0.005]  [0.001,0.005]  [0.001,0.005]  [0.001,0.005]

before autumn irrigation Cj, (kg/ms)
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Data treatment involved in objective function is as follows. Surface Water Environmental Quality
Standard (GB3838-2002) [51] stipulates that the upper limit of total nitrogen in Class IV water is 1.5 mg/L;
Groundwater Quality Standard (GB/T'14848-93) [52] regulates that the upper limit of ammonia nitrogen
is 0.5mg/L in Class IV water. Normally, the salinity of irrigation water should not be more than
1.7 g/L [53]. According to the concept of grey water footprint, the maximum concentration of nitrogen
Cmax among standards mentioned before should be taken, that is 1.7g/L. The nitrate nitrogen leaches
into the groundwater and enters the surface water, so water purification treatment of surface water is
required. Wastewater treatment techniques in the study area are relatively not advanced at present.
The study used the nitrate nitrogen treatment method by aluminum powder according to Li et al [54].
The reaction equation is 2Al + NO3~ + 3H,O = 3NO;~ + Al(OH)3, 2Al + NO,™ + 5H,O = NH3 +
2A1(OH); + OH~, 2Al + 2NO,™ + 4H,0 = N, + 2AI(OH)3 + 20H™, the removal rate is 75%, and the
aluminum powder required for treating nitrate is calculated to be 2.9 kg/kg. Pump-and-treat (PAT)
systems are commonly selected for remediation of groundwater [55], and the remediation rate is 50%
considering the current remediation ability in the Hetao Irrigation District. One point forty-five kg of
aluminum powder is required to remove 1 kg of nitrate. According to the data from the Global Mineral
Resources Network [56], the price of aluminum powder is 14Yuan/kg. The unit price of removing 1 kg
of nitrate is 20.3 Yuan/kg.

Data collection and treatment involved in constraints are as follows. The irrigation quota for
different crops came from Inner Mongolia Autonomous Region Industry Water Rating Standard. The
irrigation water utilization coefficient was obtained from the Hetao Irrigation District Administration.
The amount of water available for agriculture in different subareas came from the Bayannaoer Statistical
Yearbook. The minimum per capita food demand was 450 kg per year, the per capita annual minimum
demand for wheat is 250 kg, and the per capita annual minimum requirement for corn is 150 kg. As
local wheat production could not be self-sufficient, wheat imported from foreign countries were set to
be no more than 30% of the total wheat demand for the sake of food security and social stability [57].
The yield of sunflower, tomato, and watermelon should be more than the minimum yield in 20 years.
To avoid the situation that the planting areas after optimization of some crops are too high to satisfy
land conditions and consumer demand, or too low to meet the demand, crop planting areas were set to
change within 20% of the original areas.

All of the data were based on the year of 2016.

4.3. Model Applicability

As a major grain base in China, there were many water-related problems associated with the Hetao
Irrigation District, such as agricultural non-point source pollution, arid climate and low nutrient/water
use efficiency. The objective function involved both the economic benefit and grey water footprint to
achieve a relatively higher income target under a lower grey water footprint. Moreover, the model
considered many constraints to reflect real-world problems. Water availability constraints ensured
that the water demand for crop production would not exceed the amount of water available, which is
crucial to arid regions. Food security constraints could guarantee the production demand. Planting
area constraints could meet the soil and climatic conditions required for crop growth. Grey water
footprint constraints ensured that the pollution problems caused by crop production would not be
worsen. Therefore, the objective and constraints matched real-world problems in the study area.

4.4. Results Analyses and Discussions
4.4.1. Result Analyses

Decisions for the Entire Study Area

The optimized planting structure, grey water footprint and economic benefit value could be
obtained by solving the model. The amount of irrigation water before and after optimization can
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be compared. Objective function, total grey water footprint, economic benefit, and irrigation water
volume in the Hetao Irrigation District before and after optimization are shown in Table 2. According
to the mean value of the upper and lower limits of the interval before and after optimization, compared
with the situation before optimization, the total grey water footprints of the crops in the Hetao Irrigation
District would be reduced by 2.19 x 10° m?, and the sum of the economic benefits of various crops
would be increased by 1.138 x 10° Yuan. The optimized irrigation water volume is reduced by
44 x 10° m3. The value of the objective function is increased by 100.129, that is, the grey water footprints
generated for every billion Yuan of benefit could be reduced by 34,400 m>. According to the crop
output value of 12.8 X 10° Yuan, the total reduction of grey water is 4.40 x 10° m? in 2016, accounting
for 8.80% of the total grey water (50 x 10° m?) in the Hetao Irrigation District. It can be seen that only
by adjusting the planting structure, the economic benefits of crops are increased, and the negative
effects on the environment during crop production are reduced, while the amount of irrigation water
in the Hetao Irrigation District is saved. It has a good improvement effect on the current situation
of small precipitation, climate drought, and serious non-point source pollution in Hetao Irrigation
District and has positive guiding significance for grain production. Planting structures before and
after optimization are shown in Table 3. According to the optimization results, to make the grey water
footprint brought by the unit economic benefit of crop production minimum, it is necessary to reduce
the planting area of wheat and increase the planting area of corn, sunflower, tomato, and watermelon.
Because the intensity of nitrogen leaching in wheat is relatively large, the reduction in the planting area
of wheat is relatively large. The planting area of corn and sunflower could be moderately increased
on the basis of the current situation, and the planting area of economic crops, such as tomato and
watermelon, could be greatly increased. Comparison of overall situation of Hetao Irrigation District
before and after optimization is shown in Figure 4.
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Figure 4. Comparison of overall situation of Hetao Irrigation District before and after optimization.
Note: LB: Lower bound before optimization; UB: Upper bound before optimization; LA: Lower bound
after optimization; UA: Upper bound after optimization; WH: Wheat; C: Corn; S: Sunflower; T: Tomato;
WM: Watermelon.
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Table 2. Objective function, total grey water footprint, economic benefit, and irrigation water volume
in Hetao Irrigation District before and after optimization.

Attribute Before After Difference
Objective function (Yuan/m3) [380.92, 603.00] [472.47,711.70] 100.13
Grey water footprint (10° m3) [0.23, 0.266] [0.209, 0.244] -0.022
Economic benefit (10° Yuan) [112.11, 148.77] [121.97, 161.66] 11.38
Irrigation water volume (10° m?) [22.90, 24.82] [22.33, 24.51] -0.44

Table 3. Planting structure before and after optimization.

Planting Area (10% hm?) Before After Difference
Wheat [84.70, 88.16] [67.76, 70.53] ~17.29 (~20%)
Corn [228.31, 237.63] [228.63, 245.91] 430 (2%)
Sunflower [272.53, 283.65] [279.52,289.77] 6.55 (2%)
Tomato [10.18,10.59] [12.21,12.71] 2.08 (20%)
Watermelon [5.34, 5.56] [6.41, 6.67] 1.09 (20%)

Decisions by Subareas

In Dengkou, it is necessary to reduce the planting area of wheat, corn and sunflower, and increase
the planting area of tomato and watermelon. Hanghou needs to reduce the proportion of planting
area of wheat and corn and increase the proportion of planting area of economic crops like sunflower,
tomato, and watermelon. In Linhe, it is necessary to reduce the planting area of wheat and increase the
planting area of other crops. Wuyuan needs to reduce the proportion of planting area of wheat and
corn and increase the proportion of planting area of economic crops, such as sunflower, tomato, and
watermelon. Urad Front Banner needs to reduce the planting area of wheat, corn, and sunflower, and
increase the planting area of other crops. Urad Middle Banner needs to reduce the proportion of wheat
and sunflower planting area and increase the proportion of corn, tomato and watermelon planting area.
Urad Rear Banner needs to reduce the area planted with wheat and increase the area planted by other
crops. Adjustment of planting structure in each region of Hetao Irrigation District is shown in Figure 5.

= wheat ®mcorn = sunflower ®tomato = watermeion

Figure 5. Adjustment of Crop Planting Structure in each region of Hetao Irrigation District. Note:
The inner layers of the circle are planting areas before optimization; the outer layers of the circle are
planting areas after optimization.
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Decisions by Crops

Because the intensity of nitrogen leaching from wheat is relatively large, the planting area in each
county has declined under condition of meeting the demand. The corn planting area of Linhe, Urad
Front Banner and Urad Rear Banner can be increased at the current level, and other counties should be
reduced. According to the optimization results, the planting proportion of sunflower in Hanghou,
Wuyuan, and Urad Rear Banner should be increased, and the planting proportion of sunflower in other
counties should be reduced. Due to the relatively small intensity of leaching nitrogen, and the small
proportion in the planting area of five crops, as an economic crop, the planting area of tomato in each
county has increased. The situation of watermelon is similar to that of tomato, and the area planted in
each county has increased. Planting structure adjustment for different crops is shown in Figure 6.
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Figure 6. Planting structure adjustment for different crops. Note: LB: Lower bound before optimization;
UB: Upper bound before optimization; LA: Lower bound after optimization; UA: Upper bound after

optimization; D: Dengkou County; H: Hangjinhou Banner; L: Linhe District; W: Wuyuan County; UF:
Urad Front Banner; UM: Urad Middle Banner; UR: Urad Rear Banner.
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4.4.2. Discussion

For the entire Hetao Irrigation District, the optimized wheat planting area decreased, and the
planting areas of corn, sunflower, tomato, and watermelon increased. The grey water footprint of
wheat production in seven counties of the Hetao Irrigation District decreased by 2.52 x 10° m3, whereas
those of corn, sunflower, tomato, and watermelon production increased by 49.8, 192.7, 68.8, and
28.5 x 10° m3, respectively. The economic benefit loss due to the reduction of wheat planting area was
116 million Yuan, while the economic benefits of corn, sunflower, tomato, and watermelon increased
by 123, 309, 709 and 111 million Yuan, respectively. The total water requirement of wheat in the Hetao
Irrigation District decreased by 91.6 X 10° m3, and the irrigation water of corn, sunflower, tomato, and
watermelon increased by 19.27, 20.29, 5.82, and 2.19 x 10° m3, respectively. It is not difficult to see that
the grey water footprint generated by the production of wheat is relatively large, that is, the negative
impact on the environment is serious, and the net benefit of crop production is not significant. The
grey water footprints generated from economic crops, such as sunflower, tomato, and watermelon
are small, but the economic benefits are high, and the water consumption is less. Therefore, under
the premise of ensuring demand, appropriately reducing the proportion of wheat and increasing the
proportion of economic crops, such as sunflower, will have a positive impact on both economic benefits
and environmental soundness. The economic benefits of crops in Dengkou County have declined,
economic compensation policies should thus be adopted there. With the aid of the developed model,
decision makers can rationally use agricultural water and soil resources with reference to the optimal
planting structure, leading to enhanced efficiency of the entire production system through generating
the most possible economic benefits with the least possible negative impacts on the environment.

5. Conclusions

In this paper, an agricultural water management model based on grey water footprint was
established to deal with the optimization of ratio and uncertainty in pollutant migration and
transformation. The model used the interval programming method to tackle uncertain factors
associated with hydrology, economics, and technologies. It also included the grey water footprint
theory to measure the negative effects of nitrogen leaching during crop production on the ecological
environment. The model was applied in the Hetao Irrigation District. Compared with the current
planting area, the optimized results showed that the economic benefits from a unit grey water footprint
reached maximum which meant the whole system was most efficient. Thirty-four thousand and four
hundred m? grey water would be reduced for every 100 million Yuan of economic benefit. Through
adjusting the planting structure, the economic benefits of crops could be increased, whereas the
negative effects on the environment during crop production and the consumption of irrigation water
could be reduced. Compared to the single-objective model, which only took economic benefit into
account, the interval fractional model that compromised more factors would merely moderately
reduce the economic benefit. At the same time, as the efficiency of the system associated with the
interval fractional model was greater, it could create more economic benefits with the same cost of
eco-environmental impairments. The model could provide a decision support tool for the optimization
of planting structure and agricultural water use in Hetao and other similar irrigation areas.

In the future, the model can be improved through enhancing the comprehensiveness of constraints.
In addition, the quality of data can be consistently improved through more advanced data acquisition
techniques and software. Besides, more contaminants and the migration and transformation of
contaminants among different water bodies can be involved in the determination of the grey
water footprint.
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