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ABSTRACT

Handling Editor: Alex McBratney

This study proposes an optimization-simulation approach for simultaneously determining crop patterns and
allocating irrigation water to improve soil environment. The approach incorporates an optimization model (a
Chance-Constrained Programming (CCP) based multi-objective non-linear programming) integrated with a
carbon footprint (CF) model and irrigation water use efficiency (IWUE) index, a soil water balance model and a
groundwater dynamics model. The output of the optimization model constitutes the input to the soil water
balance model which is calculated based on soil water content from soil samples representing the basin under
study, and the resulting output is the input to the groundwater dynamics model. The output of the groundwater
dynamics model is examined by whether the optimal results give rise to soil salinization. The proposed approach
has advantages in addressing the tradeoffs of land and water resources for different crops in irrigation districts to
reduce soil carbon emissions and improve land and water resources allocation efficiency, dynamically reflecting
water transformation among precipitation, surface water, soil water and groundwater, and dealing with nonlinearity and uncertainties. The approach was applied to identify optimal land and water resources allocation
schemes in the oasis of Heihe River basin, northwest China. Results demonstrated that in the studied area, soil
carbon emissions decreased and water use efficiency increased by the simultaneous allocation of the interactive
agricultural land and water resources in space and time. Choosing the violation probabilities in the range of 0.05
and 0.1 might be more beneficial to the comprehensive benefits of the contradictory objectives (i.e. reducing soil
carbon emissions and increasing irrigation water use efficiency), because during this range the value of IWUE
tended to be the largest and the value of CF was beginning to stabilize. From the perspective of spatial distribution, the value of CF showed an increasing trend from northwest to southeast, while the changes of
groundwater table in the southern part were higher than in the northern part of the oasis. As the main limiting
factor, increasing water availability led to an increase of cultivated land within a certain range, which significantly affected soil environment, leading to the necessity to contribute towards the efficient utilization of
irrigation water resources and field activities to reduce soil pollution. Therefore, the proposed modelling framework can help to comprehensively manage agricultural land and water resources under complexity in an
efficient and environmental-friendly way, and thus promote soil environment protection.
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1. Introduction
Increasing natural and artificial stresses are making it difficult to
meet growing demands for food and water in a sustainable way.
Agriculture is the largest water consumer in which irrigation water

⁎

consumption is responsible for 70% of the total water consumption
(Pereira et al., 2015). Water scarcity in many countries is intensifying
that directly affects their agricultural water and food security. This is
especially true for arid and semi-arid areas where management decisions for agricultural water allocation are often onerous tasks due to
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conflicts among crops and water users. This correspondingly affects the
distribution of crop cultivation because water and land resources are
interactive and are connected to food security (Zeng et al., 2018).
Competition among water users calls for the efficient allocation of
limited agricultural land and water resources simultaneously, as demand grows and competition among users intensifies.
Mathematical modelling can be employed to quantify interactions
and determine optimal allocations of agricultural land and water resources (Das et al., 2015; Vaghefi et al., 2015; Singh, 2015; Xie et al.,
2018). Land and water resources allocation is fraught with complexities
among natural resources and social, economic and environmental factors. Allocation of agricultural land and water resources for sustainable
agriculture can be determined by using multi-objective programming
techniques. However, most studies focused on maximizing the net
system return or minimizing water consumption (or land utilization)
(Regulwar and Gurav, 2011; Lalehzari et al., 2015; Mosleh et al., 2017;
Ren et al., 2019). For sustainable agricultural development, emphasis
should be placed on agricultural environment, especially soil environment in crop lands. For food production in crop lands, farmers use large
amounts of fertilizer, pesticides, agricultural films, and agricultural
machinery which cause environmental impacts with CO2 emission (Li
et al., 2019a). The fertilizer in the soil produces N2O and ammonia
volatilization, and straw burning releases NOx, CH4, and NH3 (Ravindra
et al., 2019) which potentially contribute to potential climate-warming.
The cropland soil is the potential carbon sink which is affected by
agricultural land and water management as well as soil tillage system
(Brar et al., 2013). How to quantify these soil-environment impacts
when managing agricultural land and water resources to support sustainable agricultural management is of particular importance.
Moreover, irrigation water use efficiency (IWUE) is one of the indicators for water-saving high-efficiency agriculture (Qureshi et al.,
2011). The IWUE is especially significant for resource-poor regions
which can promote agricultural resources utilization efficiency. Further, the simultaneous allocation of agricultural land and water resources becomes more complex due to the uncertainties associated with
many system components and their interrelationships, such as random
nature of runoff (Joodavi et al., 2015; Li et al., 2019b). Water availability is a main limiting factor with stochastic uncertainty that can be
expressed with cumulative distribution functions, especially for arid
and semi-arid areas (Maqsood et al., 2005; Li et al., 2017b). How to
reflect the reliability of satisfying (or risk of violating) system constraints that are associated with water availability can help decision
makers gain insights into land and water resources allocation schemes
under different risk scenarios. However, there are no reported studies
on simultaneously decreasing soil carbon emissions and improving
IWUE by allocating agricultural land and water resources in a multiobjective programming framework considering the uncertainty associated with water availability.
In many regions of the world, surface water availability is insufficient to meet crop water demand during the critical stage of crop
growth, leading to the use of groundwater for supplementing surface
water supplies. Thus, the conjunctive optimization of both surface
water and groundwater for agricultural land and water resources allocation has attracted much attention (Safavi et al., 2010; Wang et al.,
2016; Wu et al., 2015). Surface water and groundwater are important
physical water components of the field hydrological cycle. Therefore,
water transformation should be considered for better management of
surface water and groundwater.
Soil water is the material basis of crop growth and survival, and is a
vital connection for the transformation between surface water and
groundwater (Sreelash et al., 2017). However, few studies entailed
detailed physical processes of different zones of soil water transformation, e.g. soil water in root zone and in buffer zone. Moreover, there
is the interaction between agricultural land and water resources allocation and field hydrological cycle (including the transformation of
precipitation, surface water, soil water and groundwater). The optimal

agricultural land and water resources allocation strategies should be
determined, based on the continuous adjustment of the optimization
process and the simulation process for field hydrological cycle. In other
words, the simulation process can help evaluate and adjust the optimization results to protect the soil environment, for example, avoiding
soil salinization which is influenced by the unreasonable use of water
and land resources from the perspective of administering resources.
Nevertheless, such a consideration has been reported in limited studies.
The objective of this study therefore is to develop a mixed optimization-simulation approach for agricultural land and water resources
allocation for soil-environment protection. The soil-environment protection reflects two aspects: reducing soil carbon emissions and
avoiding soil salinization. The proposed approach contains an optimization module and a simulation module. In the optimization module, a
CCP-based multi-objective non-linear programming model is developed
for the spatial-temporal allocation of agricultural land and irrigation
water resources to balance the tradeoff between soil carbon emissions
and irrigation efficiency under different scenarios of water availability.
The simulation module contains soil water balance models in both root
zone and buffer zone, and a groundwater dynamics model to dynamically depict the field water cycle process. The two modules present
input-output relations and the simulation module can also be used to
calibrate optimal results of the optimization module to avoid soil salinization. A semi-arid basin in China is used for the demonstration of the
proposed approach.
2. Methodology
We consider a water and land resources allocation system in a
predominantly agrarian basin, where the management authority is
tasked with allocating land and water resources to multiple crops in
multiple irrigation districts. For stakeholders, the interactive land and
water resources should be allocated efficiently, especially in arid and
semi-arid areas. Meanwhile, as an important subsystem of water balance and food production, a friendly soil environment is desired to
prevent soil salinization and reduce soil carbon emissions. In addition,
the randomness of inflow cannot be glossed over, as it directly affects
the allocation schemes. Therefore, a mixed optimization-simulation
approach under uncertainty is proposed to allocate agricultural land
and irrigation water resources in an efficient and environmentally
friendly way. Fig. 1 shows the framework of the proposed approach
with details being explained in the following sections.
2.1. Optimization module
2.1.1. Carbon footprint model
Carbon footprint can be defined to estimate the total emissions of
greenhouse gases in carbon equivalents from a product across its life
cycle (Wu et al., 2013). The cropland soil is a potential carbon sink. The
carbon footprint model is thus divided into carbon emission of agriproduct and carbon emissions and carbon sequestration of crop-soil
system (Zhang et al., 2017). The emissions of agri-product mainly include fertilizer, pesticide, agricultural film, irrigation and diesel use of
farm machinery. The carbon emissions of crop-soil system mainly derive from fertilizer inputs, crop straw burning, methane release of rice,
and farming practices. Carbon sequestration of crop-soil system includes carbon sequestration of soil and crop root. The organic fertilizer
was not considered in this study. The carbon footprint model of a
cropland system can be expressed as:

CF =

NCE
Yield

(1a)

where CF represents the carbon footprint of crop production (kgCO2eq/
kg); NCE represents the net carbon emissions from crop production
(kgCO2eq); and Yield represents the total yield of all crops (kg). NCE
can be calculated as follows
56
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Fig. 1. Framework of the proposed optimization-simulation approach.

57

Geoderma 353 (2019) 55–69

M. Li, et al.

NCE = TCE

(1b)

CS

2.1.3. Multi-objective stochastic optimization model
In this study, a multi-objective stochastic optimization model was
developed to simultaneously optimize agricultural land and water resources allocation patterns.

where CS is the carbon sequestered by crop production (kgCO2eq); and
TCE represents the total carbon emissions from crop production
(kgCO2eq). TCE is the sum of direct emission of CO2 (ECO2, kg), the
emission of N2O (EN2O, kg), and the emission of CH4 (ECH4, kg), and an
equivalent of CO2 emission from crop straw burning (SBCO2, kgCO2eq).
Then, TCE can be expressed as follows:

2.1.3.1. Objective function. CF and IWUE are considered as separate
conflicting objectives in a multi-objective optimization model. First, we
need to minimize the CF for a crop c in an irrigation district i in a farmbased basin to improve soil environment as:

(1c)

TCE = E CO2 + 298E N2 O + 25E CH4 + SB CO2

where 298 and 25 are the conversion coefficients of N2O and CH4
(IPCC, 2013).
For a cropland system, the direct emission of CO2 is mainly caused
by the usage of fertilizer, pesticide, agricultural film, diesel used for
agricultural machinery and electricity used for irrigation in the cropland. Hence, ECO2 can be defined as

E CO2 =

fer D fer
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where i is the index for the irrigation district and the total number of
irrigation districts is I; c is the index for crop and the total number of
crops is C; Yic is the yield per unit area of crop c in the irrigation district
i (kg/ha); Aic is the planting area of crop c in irrigation district i (ha),
among which Aic=rice refers in particular to the rice paddy in the irrigation district i (ha); difer, dipes, difilm, didies, dielec are the dosages of fertilizer (kg/ha), pesticide (kg/ha), agricultural film (kg/ha), diesel use
by agricultural machinery (kg/ha) and electricity use of irrigation per
unit area, respectively (kWh/ha); ρ is the emission of methane per unit
area (kg/ha); βc is the ratio of straw to harvest part of crop c; γc is the
proportion of burning of crop c (%); εcNO2, εcNO, εcNH3 and εcNH4 are the
gas
emissions
of
straw
burning
(dimensionless);

(1f)

where SB
is the oxynitride and ammonia caused by straw
burning (kgCO2eq); SBCH4 is the CH4 caused by straw burning
(kgCO2eq); SB(NOx+NH3) and SBCH4 can be estimated by using the gas
emission coefficients of straw burning of the three kinds of greenhouse
gases (Cao et al., 2009); 2.98 and 25 are equivalent coefficients of NOx
and CH4 converting into CO2, respectively (Zhang et al., 2013).
The carbon sequestration in the farmland is mainly from straw return and crop roots in the soil. Among them, the carbon sequestered
from straw return can be estimated by the empirical model, and the
carbon sequestered from crop roots can be estimated by the determination of soil organic carbon (SOC) (Lu et al., 2009). The value of SOC
has a relation with the total input of carbon which can be estimated by
multiplying shoot-root dry ratio with the corresponding carbon content
coefficient.

c

I

C

Yic Aic

i=1 c=1

c

+ d is the empirical model of carbon sequestration

c

(kgCO2eq) with c, d representing empirical coefficients, and σc representing the proportion of return to the field of crop c (%); τc is the
shoot-root ratio of crop c; νc is the carbon content in root of crop c (%).
Secondly, we use the IWUE to assess the efficiency of agricultural
land and water resources allocation. As water resource allocation is
variable with different time periods because of changes of hydrological
and meteorological conditions, the IWUE is dynamic and this objective
function should be maximized which can be expressed as follows:
I

Max IWUE =

C

Yic Aic

i=1 c=1
I

C

i=1 c=1

2.1.2. Irrigation water use efficiency
Irrigation water use efficiency (IWUE, kg/m3) is defined as the ratio
of grain yield (kg/ha) to the total amount of irrigation water (TW, m3/
ha), expressed defined as (Xiao et al., 2019)

Yield
TW

CS

i =1 c=1

(NOx+NH3)

IWUE =

C

E CO2 =

where εfer−N2O, εfer−NH3 are the emission coefficients of N2O, NH3 from
fertilizer, respectively; εfer−leach is the nitrogen leaching coefficient;
0.01 and 0.0075 are the conversion coefficients of N2O equivalent of
NH3 and nitrogen leaching (Zhang et al., 2013).
The emission of CH4 in the field is mainly for rice paddy, which can
be estimated by multiplying the planting area of rice paddy (ha) and the
emission of methane per unit area (kg/ha). Although straw burning will
cause hazy weather and will release a large number of noxious gases,
there are still many areas that use burning to treat crop straws. NOx
(including NO and NO2), CH4 and NH3 are three kinds of greenhouse
gases that are caused by straw burning. Then, SBCO2 can be defined as

SBCO2 = 2.98SB (NOx + NH3) + 25SBCH4

C

Among which ECO2, EN2O, ECH4, SBCO2 and CS can be defined as follows:

elec

fer NH3

I

i=1 c=1

where δ , δ , δ , δ , δ
are the carbon emission coefficients of
fertilizer (kgCO2eq/kg), pesticide (kgCO2eq/kg), agricultural film
(kgCO2eq/kg), diesel used for agricultural machinery (kgCO2eq/kg),
and electricity used for irrigation (kgCO2eq/kWh), respectively; Dfer,
Dpes, Dfilm, Ddies, Delec are the dosages of fertilizer (kg), pesticide (kg),
agricultural film (kg), diesel use (kg), and electricity use (kWh), respectively.
The N2O emission in the field includes the N2O gas and ammonia
volatilization produced by nitrification-denitrification from the fertilizer in the soil, and the potential greenhouse effect caused by nitrogen
leaching. Thus, EN2O can be defined as

E N2 O

(E CO2 + 298E N2 O + 25E CH4 + SB CO2)

Min CF =

T
t=1

sur
(IQict
+ IQictgro)

ic

Aic

(3g)

where t is the index for a time period and the total number of time
periods is T; IQictsur, IQictgro are the irrigation quotas of surface water,
groundwater, respectively, of crop c in irrigation district i in time period
t (m3/ha); αic is the ratio of irrigation area and planting area.

(2)

2.1.3.2. Constraints. The above multiple objectives are subject to the
58

Geoderma 353 (2019) 55–69

M. Li, et al.

where Aicmin and Aicmax are the minimum and maximum planting areas
for crop c in irrigation district i (ha), respectively.
2.1.3.2.6. Irrigation water requirement constraint. The minimum
irrigation water amount should be satisfied to guarantee crop growth.
This constraint can be expressed as:

following constraints.
2.1.3.2.1. Surface water availability constraint. The gross amount of
surface water allocation for all crops should not be larger than surface
water availability for irrigation district i in time period t, and the
surface water availability for all irrigation districts should not be larger
than the runoff volume that runs into the basin in time period t. Since
randomness exists in runoff, the CCP, which is capable of effectively
dealing with stochastic uncertainties expressed as cumulative
distribution functions and reflecting the reliability of satisfying (or
risk of violating) the constraints, is introduced. This constraint can be
expressed as:
C

sur
(IQict

ic

Aic )/

sur

WSitsur + Ri (t

i, t

1)

I

WSitsur

TWtsur

1

p

t

1)

= Ri (t

2)

C

+ WSisur
(t 1)

sur
(IQict
)

ic

Aic /

sur

t

Aic )/

gro

WSitgro

i, t

c=1
I

WSitgro

TWStgro

t

t

i=1

RSWt = (Pt + Itchan + Itwell

R1 = 0

i

(3k)

Kst =

(3l)

(3m)

where POi is the population in the irrigation district i (people); FD
is
the minimum food demand (kg/capita).
2.1.3.2.5. Land policy constraint. The lower and upper limits of
planting area for each crop in each irrigation district should be
considered to keep in view the food requirement and prevailing crop
production practices. This constraint can be expressed as follows:

Aic

Aicmax

i, c

(3p)

ERBt ) t

(4a)

(4b)

ln

(

t
RFC

RWP
RWP

× 100 + 1

)

ln 101

(4c)

where Kst is the soil water stress coefficient in time period t (dimensionless); Kct is the crop coefficient in the time period t (dimensionless) which varies with crops and growing stages; θt is the soil
water content in the root zone in the time period t (m3m−3); θRFC and
θRWP are the field capacity and wilting point of soil water in the root
zone, respectively (m3m−3); and ET0t is the reference evapotranspiration in the time period t (mm). Daily ET0 can be calculated by the
Penman-Monteith equation and for the meanings of corresponding
parameters of calculating ET0 one can refer to Allen et al. (1998). In the
soil water balance model in the root zone, ERBt is the exchange rate
between the root zone and the buffer zone in time period t (mm), with
ERBt > 0 indicating deep percolation and ERBt < 0 indicating upward
recharge from the buffer zone to the root zone. ERBt can be expressed as
(Li et al., 2017a):

min

Aicmin

ETt

ETt = Kst K ct ET0t

C

POi FD min

i, c, t

where t is the index of the time period; Δt is the time step; ΔRSWt is the
variation of soil water storage in the root zone in the adjacent time
period (mm); Pt is the effective precipitation in time period t (mm); Itchan
is the channel irrigation water amount in the farmland in time period t
(mm); Itwell is the well irrigation water amount in the cropland in time
period t (mm).
In the soil water balance model in the root zone, ETt is the actual
evapotranspiration in time period t (mm) which can be described as:

where η is the utilization coefficient of groundwater irrigation; WSitgro
is the groundwater availability of irrigation district i in time period t
(m3); TWtgro is the total groundwater recharge in time period t (m3); χt
is the agricultural irrigation coefficient of groundwater.
2.1.3.2.4. Food security constraint. This constraint is to satisfy the
basic need for food based on local population and food demand
standard. The constraint can be expressed as

Yic Aic

0

2.2.1.1. Soil water balance model in root zone. The water balance in the
root zone can be described as:

gro

c=1

(3o)

2.2.1. Soil water balance models in vadose zone
Soil water in the vadose zone is a vital connection of atmosphere
and saturated zone at the field scale. The vadose zone can be divided
into two parts, including root zone or shallow zone (crop root layer
usually within 1 m), and buffer zone or deep soil layer (from the lower
boundary of the root zone to the groundwater level) (Peranginangin
et al., 2004). The soil water balance models in the two parts, which
express the exchange of precipitation, surface water, soil water and
groundwater, are described in what follows.

2.1.3.2.3. Groundwater availability constraint. Similar to the surface
water availability constraint, the gross amount of groundwater
allocation for all crops should not be larger than the groundwater
availability for the irrigation district i in the time period t, and the
groundwater availability for all irrigation districts should not be larger
than the total groundwater availability for irrigation for the whole
basin in time period t. This constraint can be expressed as
ic

i

2.2. Simulation module

(3j)

(IQictgro

IRimin

Aic

sur
Aic , IQict
, IQictgro , WSitsur , Rit , WSitgro

c=1

C

ic

is the minimum irrigation requirement for irrigation
where
district i (m ).
2.1.3.2.7. Nonnegativity constraint. All decision variables of the
model should not be negative. This constraint can be expressed as:

where ηsur is the utilization coefficient of surface water irrigation;
WSitsur is the surface water availability of irrigation district i in time
period t (m3); Ri(t−1) is the remaining water amount of irrigation district
i in time period t − 1 (m3); TWtsur is the total surface water availability
in time period t − 1 (m3); Pr{g} denotes the probability of random
event {g}; p(p ∈ [0, 1]) denotes a significant level (or violation
probability) for the uncertain constraint.
2.1.3.2.2. Water balance constraint. The water remaining during a
certain time period equals the sum of the remaining water of the last
time period and the difference between surface water availability minus
the allocated water of each irrigation district. This constraint can be
expressed as

Ri (t

gro
sur
(IQict
+ IQict
)

IRimin
3

(3i)

i=1

T

c=1 t=1

(3h)

c=1

Pr

C

ERBt = a

RSWt
RSWF

b

(RSWt

RCSWt )

(4d)

where RSWt is the actual soil water storage in the root zone in time
period t (mm); RSFt = θRFC ⋅ L is the field water capacity in the root
zone in time period t (mm), with L being the depth of the root zone
(mm); RCSWt is the critical value of soil water storage for water

(3n)
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exchange between the root zone and the buffer zone (mm); and a and b
are the empirical coefficients related with soil texture (dimensionless).

scalar objective functions; x is the decision variable; gj(x) ≤ bj refers to
the
jth
(j = 1, 2, ⋯, m1)
deterministic
constraint;
Pr
{hj(x) ≤ cj(ξ)} ≥ 1 − pj refers to the jth (j = m1 + 1, m1 + 2, ⋯, m) CCP
constraint; pj is the jth (j = m1 + 1, m1 + 2, ⋯, m) violation probability;
cj(ξ) is a random number. At least one of fk(x), gj(x) and hj(x) is nonlinear.
In order to solve the above model equations, it is required to convert
the model into an equivalent deterministic version based on the CCP
technology (Guo and Huang, 2007). Thus, Eq. (6d) can be converted
into the following equivalent deterministic version:

2.2.1.2. Soil water balance model in the buffer zone. The buffer zone has
water connection with the root zone through ERBt, and the surplus
water in this zone would recharge to groundwater. The water balance
model for the buffer zone can be expressed as:

BSWt = ( EBGt

1

(4e)

+ ERBt + PEt ) t

where
BSWt + ERBt + PEt
0

EBGt =

BSWFt

if BSWt + ERBt + PEt > BSWFt
if BSWt + ERBt + PEt BSWFt (4f)

where ΔBSWt is the variation of soil water storage in the buffer zone in
the adjacent time period (mm); EBGt is the exchange rate between the
buffer zone and groundwater in time period t (mm); BSWt and BSWFt
are the actual soil water storage and the field water capacity of the
buffer zone in the time period t (mm); and PEt is the phreatic
evaporation in the time period t (mm). If the groundwater table
depth is over 3 m, the value of PEt is negligible (Yang et al., 2015),
otherwise, it can be calculated by an accurate empirical formula
proposed by Hu et al. (2009).

H
x

Kh

+

Kh

y

H
y

+ W (x , y, t ) = µ

H
t

(x , y )

D

(5b)

H (x , y, t )| 1 =

(x , y )

1

(5c)

(x , y )

2

H
n

= q2 (x , y, t )

Pr{hj (x )

x

bj
cj ( )}

1

f k,min (x )

f k,min (x )

fk (x )

f k,max (x )

fk (x ) > f k,max (x )

1

fk (x ) < f k,min (x )
f k,max (x )

µ [fk (x )] =

f k,max (x )

f k (x )

f k,min (x )

f k,min (x )

fk (x )

0

f k,max (x )

fk (x ) > f k,max (x )

where fk, max(x), fk, min(x) are the maximum and minimum values of
fk(x); ψ (ψ > 0) is a given auxiliary parameter that can be used to
describe the nonlinearity of the membership function. Therefore, the
CCP-based multi-objective non-linear programming can be converted
into the following equivalent model with the introduction of satisfaction degree λ as:
(6i)

max
f k (x )

f k,min (x )

[f k,max (x )

f k,min (x )]

k = 1, 2,

f k (x )

[f k,max (x )

f k,min (x )]

k

= K1 + 1, K1 + 2,

gj (x )
h j (x )
x

(6c)

,m

bj
cj (

j = 1, 2,
)(pj )

0 and 0

1

(6j)

(6k)

,K

, m1

j = m1 + 1, m1 + 2,

, K1

(6l)

,m

(6m)
(6n)

By solving the optimization model with a predetermined agricultural irrigation coefficient of groundwater, the optimal planting area
and irrigation amount for each crop in each irrigation district in each
time period can be obtained. Then, the optimal results are input into the
soil water balance models in vadose zone, thus the exchange rate between the buffer zone and groundwater in each time period can be
obtained which will be input into the groundwater dynamics model.
Based on the optimization model, the groundwater withdrawal and the
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This study develops a CCP-based multi-objective non-linear programming for agricultural land and water resources allocation for soil
environment protection. The general formula of the optimization model
can be expressed as

s. t. gj (x )

cj ( )(pj )

(6f)

f k (x )

µ [fk (x )] =

f k,max (x )

k = K1 + 1, K1 + 2,
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0

2.3. Solution method

k = 1, 2,

pj

where cj(ξ) represents the corresponding values given the cumulative
distribution function of the right-hand-side parameter cj(ξ) and the
probability of violating constraint pj, and cj(ξ)(pj) = Fcj(ξ)−1(pj) with
F−1{g} representing the inverse function.
Then the problem becomes amenable to deterministic multi-objective non-linear programming and Zimmerman's technique (Singh and
Yadav, 2015; Li et al., 2017b) can be used to transform the problem into
a single one. The non-linear membership functions μ[fk(x)] for the objectives were adopted and can be defined as follows:
For the objective to be maximized

where H is the groundwater level (m); K is the hydraulic conductivity
(m/T); h is the distance between the phreatic free surface and the
bottom of the phreatic aquifer (m); W(x, y, t) is the sources and sinks of
groundwater (m/T) with t representing the time (T); μ is the specific
yield; D is the simulated scope; Γ1, Γ2 are the first and second boundary
conditions, respectively; ϕ1(x, y) is the waterhead of Γ1 (m); q2(x, y, t) is
the unit discharge of Γ2 (m/T); and n is the normal vector pointing
outwards Γ2.

Min fk (x )

,m

1

(6h)

2

Max fk (x )

m1 + 2,

(5a)

H (x , y, t )|t = 0 = H0 (x , y )
1 (x , y )

cj ( )}
(pj)

2.2.2. Groundwater dynamics model
The groundwater dynamics model is capable of simulating
groundwater flow. Based on the interactions between vadose zone and
aquifer, the changes of groundwater level can be simulated by the
groundwater dynamics model. A healthy groundwater flow system
should prevent the water table from rising too close to and/or declining
too far from the root zone of crops (Das et al., 2015). Generally, a
horizontal 2D groundwater flow is widely used which can be expressed
as

x

Pr{hj (x )

th

where fk(x) refers to the k objective function, and k is the number of
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canal leakage amount can also be obtained which are the sources and
sinks of the groundwater dynamics model. Then, the groundwater dynamics model can be solved by the finite element method using
FEFLOW (Finite Element subsurface FLOW system) software (Trefry
and Muffels, 2007) on the basis of the initial head and specified
boundaries. FEFLOW software is a finite-element ground water flow
and transport modelling tool with an extensive list of functionalities,
including variably saturated flow, variable fluid density mass and heat
transport, and multi-species reactive transport. The groundwater dynamics model is calibrated and validated, and the performance of the
model is evaluated by root-mean-square error and relative error (Zhou
et al., 2007). Then, the groundwater depth for different selected observation wells that are distributed in different irrigation districts of the
basin can be obtained. Finally, we can estimate whether soil salinization (an important index of soil environment) will be happen according
to the critical water table threshold. Detailed solution steps for the
developed approach are summarized as follows:

the semi-arid area. The semi-arid geography results in the surface water
supply which cannot satisfy the requirement of crop growth, leading to
the groundwater exploitation as a supplemental source. The classification of groundwater is divided into unconfined groundwater and confined groundwater. The unconfined groundwater is the main groundwater source for agricultural irrigation and the overall burial of
unconfined groundwater is shallow in the whole oasis. The total cultivated area of the 17 irrigation districts is 137.4 thousands ha. Most of
the cultivated lands are planted with grain crops (mainly including
maize and wheat), and the other cultivated lands are planted with
economic crops (mainly vegetables).
3.2. Data collection and processing
There are mainly two types of data: data related to optimization
module and data related to simulation module. For the optimization
model, Table 1 shows data related to different irrigation districts and
different crops, including population, utilization coefficients of surface
water and groundwater irrigation, yield per unit area, and planting
areas. These data were obtained from Socio-economic Yearbooks of
Zhangye City, Annual Report of Water Conservancy of Zhangye City and
field research. Table 2 shows the per unit area dosage of field activities,
including the usage of fertilizers, pesticides, agricultural films, diesel
for agricultural machinery and electricity use for irrigation. These data
were related to the determination of carbon footprint. The corresponding data were calculated by dividing the dosages of these activities by the corresponding planting area of different regions. Among the
uses, the electricity use for irrigation was estimated as 30% of the total
rural electricity consumption. Table 3 also shows data related to carbon
footprint and they were obtained from the literature (Chen, 2018). The
carbon emission coefficient of fertilizer, pesticide, agricultural film,
diesel for agricultural machinery and electricity use for irrigation were
8.2 kgCO2eq/kg, 12.1 kgCO2eq/kg, 22.7 kgCO2eq/kg, 3.7 kgCO2eq/kg
and 1.1 kgCO2eq/kWh, respectively (Zhang et al., 2013; Chen et al.,
2014). Water availability is the main restrictive parameter of the optimization model (Table 4). Surface water availability originated from
the runoff volume of Heihe River at Yingluoxia hydrometric station. It
changes over time which will directly affect the optimization results.
Therefore, according to the historical data of runoff from Yinluoxia
hydrometric station, this study divided the runoff volume into wet,
normal, and dry conditions based on the empirical frequency of the
runoff series. The empirical frequencies of wet, normal, and dry conditions were 20%, 50% and 75%. As surface water availability constraint was expressed using CCP, the probability distribution of each
condition was fitted based on Monte Carlo stochastic simulation as
shown in Fig. 3. In this study, Pearson III distribution was adopted and
the rejection technique was used for the stochastic simulation (Li et al.,
2019b). Thus, the surface water availability of under each given violation probability can be obtained. In this study, violation probabilities
of 0.05, 0.1 and 0.2 were selected. Groundwater data was extracted
from Annual Report of Water Conservancy of Zhangye City. The minimum
food demand was 400 kg/capita.
Another important part of data was related to the simulation model.
The soil water balance models in the vadose zone were based on the
determination of several hydrological elements. Through soil sampling
according to sample points in Fig. 2, the initial soil water contents of the
17 irrigation districts were obtained as shown in Table 1. ET0 was
calculated by the Penman-Monteith equation (Allen et al., 1998) based
on meteorological data, including average temperature, lowest temperature, highest temperature, average wind speed, sunshine duration
and relative humidity. The effective rainfall was estimated by the USDA
Soil Conservation method (Patwardhan et al., 1990). The calculation
results are shown in Table 5. The field capacity and wilting point of soil
water in the root zone were 25% and 10%, respectively. The root length
was 1 m. The values of a and b when calculating the exchange rate

Step 1: Formulate the optimization model for agricultural land and
water resources allocation based on CCP-based multi-objective nonlinear programming.
Step 2: Convert the uncertain constraint in the equivalent forms
based on the CCP technique under a given p.
Step 3: Calculate the maximum and minimum values of the two
objectives (i.e. minimization of CF and maximization of IWUE).
Step 4: Transform the multi-objective non-linear programming
model into the equivalent non-linear programming forms based on
Zimmerman's technique with a givenψ.
Step 5: Solve the non-linear programming model under a predetermined χt, then obtain the optimal land and water resources
allocation schemes.
Step 6: Input the optimal results into the soil water balance models
and obtain EBGt.
Step 7: Calculate other sources and sinks of groundwater dynamics
model.
Step 8: Invoke the groundwater dynamics model, solve it by the
finite element method based on the initial head and specified
boundaries, and output groundwater depth.
Step 9: Judge whether the groundwater depth achieved the
threshold of soil salinization, if yes, adjust χt and repeat Step 3 to
Step 9, if no, proceed to the next step.
Step 10: Give different p, repeat Step 2 to Step 9 and obtain the final
agricultural land and water resources allocation schemes under
different scenarios.
3. Case study
3.1. Study area
The study case is the oasis of the middle Heihe River basin, in
Northwest China (98°-101°30′E, 38°-42°N). The oasis represents high
evaporation (above 1000 mm) and low rainfall (below 250 mm). The
soil types of the oasis are loam, loamy sand, silt loam, and sandy loam.
The oasis focuses on agricultural production and is one of the important
production bases of grain and vegetables in northwest China. There are
17 irrigation districts, and their geographic locations are presented in
Fig. 2. Among them, Daman, Yingke, Xijun, Shangsan, Anyang and
Huazhai irrigation districts belong to Ganzhou region, Pingchuan,
Banqiao, Yanuan, Liaoquan and Shahe irrigation districts belong to
Linze County, and Liyuanhe, Youlian, Liuba, Luocheng, Xinba, and
Hongyazi irrigation districts belong to Gaotai County. Ganzhou, Linze
and Gaotai belonging to Zhangye City, Gansu Province, China. Irrigated
agriculture is the largest water consumer of the oasis, occupying more
than 90% of the total water consumption. Heihe River is the surface
water supply source of these irrigation districts. The oasis is located in
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Fig. 2. Study area.
Table 1
Parameter related to irrigation districts and crops.
Irrigation
district

Daman
Yingke
Xijun
Shangsan
Anyang
Huazhai
Pingchuan
Banqiao
Yanuan
Liaoquan
Shahe
Liyuanhe
Youlian
Liuba
Luocheng
Xinba
Hongyazi

Population
(104people)

7.65
16.44
7.20
4.47
1.43
0.88
2.02
1.76
1.14
1.77
4.08
4.25
4.71
1.07
1.38
1.49
0.67

Utilization
coefficient of
surface water
irrigation

Utilization coefficient
of groundwater
irrigation

Yield per unit area (kg/ha)

Maximum planting area
(104ha)

Minimum planting area
(104ha)

Grain crop

Economic
crop

Grain
crop

Economic
crop

Grain
crop

Economic
crop

0.65
0.73
0.67
0.67
0.65
0.62
0.65
0.64
0.58
0.64
0.81
0.76
0.66
0.70
0.61
0.67
0.66

0.84
0.78
0.84
0.78
0.77
0.82
0.84
0.80
0.84
0.80
0.84
0.80
0.84
0.84
0.80
0.80
0.76

10,696.20
11,945.98
12,643.72
10,214.07
7565.07
6497.31
9091.05
8523.78
8183.53
8925.15
8548.55
7466.34
8875.42
8529.95
9900.75
7187.06
7053.47

2250.00
2250.00
5085.30
3030.00
2350.00
2242.34
4916.57
3957.97
6192.25
4988.98
5100.00
4368.57
4305.11
3797.50
4095.35
3899.20
3433.12

1.4413
1.3320
1.8227
0.5987
0.1380
0.0780
0.3207
0.4827
0.2227
0.2907
0.2767
1.2413
1.0673
0.2013
0.1800
0.2147
0.1207

0.1107
0.2480
0.0487
0.0127
0.0967
0.0153
0.0967
0.0653
0.0173
0.0827
0.0200
0.1313
0.3947
0.0933
0.1960
0.1020
0.0193

1.3160
1.1933
1.7893
0.5480
0.0787
0.0593
0.2187
0.3480
0.1260
0.2313
0.1593
1.2180
1.0540
0.0980
0.0827
0.1113
0.0893

0.06
0.24
0.01
0.00
0.07
0.01
0.06
0.04
0.02
0.04
0.01
0.13
0.37
0.07
0.18
0.07
0.02

Table 2
Dosages of field activities.

Soil water
content (%)

16.15
15.34
16.64
15.27
16.14
16.51
14.57
15.84
11.45
15.56
17.25
15.17
14.97
10.69
15.12
17.64
16.65

Table 3
Parameters related to carbon footprint.

Parameter

Unit

Ganzhou

Linze

Gaotai

Parameter

Grain crop

Economic crop

Fertilizer
Pesticide
Agricultural film
Diesel
Electricity use of irrigation

(kg/ha)
(kg/ha)
(kg/ha)
(kg/ha)
(kWh/ha)

599.63
9.10
51.42
17.82
832.08

444.02
9.59
29.43
40.65
611.78

266.64
14.45
39.31
37.91
431.99

Emission coefficients of N2O
Emission coefficients of NH3
Nitrogen leaching coefficient
Ratio of straw to harvest part
Proportion of burning (%)
Proportion of return to the field (%)
Gas emission of straw burning (g/kg)

0.01
0.13
0.10
1.20
0.28
0.33
0.40
0.80
2.50
1.30
4.80
0.42

0.01
0.07
0.16
0.10
0.28
0.21
0.60
1.30
2.50
1.30
3.40
0.46

between the root zone and the buffer zone were 0.11 and 2.5. For the
data related to groundwater dynamics model one can refer to Li et al.
(2017a).

Shoot-root ratio
Carbon content in root (%)

NO2
NO
CH4
NH3

4. Results and discussion
shows the land resource allocation results for different kinds of crops in
different districts under normal conditions, without considering the
changes of surface water availability. From the figure, planting areas for
Xijun, Yingke, Youlian, Daman, and Liyuanhe irrigation districts occupied most of the cultivated area of the oasis, accounting for 70.8% of
the total allocated area. Grain crop had a high predominance in

4.1. Land and water resources allocation schemes
Land and water resources optimal allocation results were obtained
by solving the proposed modelling approach. The optimization model
was based on a multi-objective non-linear programming. One objective
was to minimize CF and another one was to maximize the IWUE. Fig. 4
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July were water allocation peaks. This was in accordance with the trend
of the crop water requirement. There existed fluctuations of irrigation
quota among different irrigation districts. The average irrigation quotas
for corn and wheat for the oasis were 6581 m3/ha and 4980 m3/ha.
Compared with the actual condition, such results were water-efficient,
with 964 m3/ha and 544 m3/ha water being saved in the case of the
same irrigation area. As Zhangye City was the first pilot project of
water-conserving society, such results were positive. The above results
also indicated that allocating land and water resources simultaneously
promoted the sustainability of agriculture, reflecting in decreasing soil
carbon emissions and improving irrigation water use efficiency.

Table 4
Water availability.
Month

April
May
June
July
August
September

Surface water availability (104m3)

Groundwater availability
(104m3)

Wet

Normal

Dry

3704.78
12,822.12
24,966.50
35,956.23
39,287.62
13,095.97

3865.05
12,996.90
25,033.47
30,310.54
28,947.65
15,463.76

5115.69
12,029.99
16,693.22
26,154.21
29,522.97
9159.84

2342.30
2366.09
2335.39
2351.78
2335.12
2291.28

4.2. IWUE and CF under different scenarios

planting with the ratio of grain crop and economic crop as 6.71:1.
Agricultural land allocation for Ganzhou, Linze and Gaotai were 5.56,
3.80 and 1.44 × 104 ha, respectively. In such a land allocation scheme,
the approach could perform perfectly synthetically, by balancing soil
carbon emissions and resources allocation efficiency. The figure also
indicated that the two objectives were conflicting, because the optimal
results were in the range of the results when considering a single objective only. This revealed that tradeoffs existed among different crops
and different irrigation districts.
More than 70% of the planting area in the oasis was for grain crops,
mainly including corn and wheat. Based on the planting proportion of
the two crops and the optimal water allocation results, Fig. 5 shows the
dynamic irrigation water allocation results for corn and wheat in different irrigation districts in different time periods. For corn, June, July,
and August were water allocation peaks, and for wheat, May, June, and

As water availability was a main limiting factor of the proposed
approach, randomness as well as different conditions (wet, normal, and
dry) of surface water availability were taken into account. How would
IWUE and CF change under these scenarios is demonstrated in Fig. 6.
Taking dry condition as an example, S1 represented the scenario that
irrespective of randomness, i.e. with violation probability of zero. S2,
S3, and S4 represented scenarios with violation probabilities of 0.05,
0.1 and 0.2, respectively. From the figure, the value of IWUE showed a
steady increasing trend, while the value of CF experienced a decreasing
trend first and then kept a constant trend as the violation probability
increased. The results indicated that IWUE and CF entailed a contradiction. Larger violation probabilities meant more water can be used
but meanwhile with a relatively higher risk. The risks were mainly
reflected if the promised water availability was not achieved, and cross-

Fig. 3. Probability distribution of runoff in wet, normal and dry conditions.

Table 5
Information on crop coefficient, rainfall, and evapotranspiration.
Parameter
Crop coefficient
Effective rainfall (m3/ha)
Reference Evapotranspiration (m3/ha)

Corn
Wheat
Vegetables
Ganzhou
Linze
Gaotai
Ganzhou
Linze
Gaotai

April

May

June

July

August

September

0.22
0.30
0.44
37.18
38.65
40.41
1196.11
1197.91
1117.91

0.50
1.15
0.80
39.55
74.57
105.82
1462.32
1574.51
1468.20

1.16
1.15
1.00
194.91
168.67
147.48
1508.49
1645.81
1568.53

1.20
0.93
0.99
239.63
233.90
231.60
1541.12
1651.65
1579.47

1.20
–
0.57
285.24
246.43
214.84
1442.04
1439.70
1395.08

0.60
–
0.55
199.02
166.39
139.46
1095.16
976.74
955.15
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Fig. 4. Land allocation schemes.

Fig. 5. Water allocation schemes.
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Fig. 6. Objectives under different scenarios.
Note: IWUE is the abbreviation of irrigation water use efficiency; CF is the abbreviation of carbon footprint.

regional water transmission with higher costs might occur. Land and
water were interactive, larger water availability also led to more land
allocation. In the approach, both IWUE and CF were expressed as
fraction with both numerator and denominator containing decision
variables. The trends in the figure illustrated that for IWUE, the growth
rate of the item in the numerator was higher than that in the denominator, while for CF, the growth rates of numerator and denominator
were roughly in line, as the violation probabilities increased. The
changing trends of the values of IWUE and CF under different conditions (wet, normal, and dry) under a specified violation probability
showed the same trend as that under different violation probabilities for
the same reasons. Now a question arises: Which violation probability
was appropriate? For this study, the violation probability in the range
of 0.05 and 0.1 might be more beneficial to the comprehensive benefits
because during this range, the value of IWUE tended to be the largest
and the value of CF was beginning to stabilize. During this range, the
surface water availability increased from 9% to 13% that could be
obtained from Fig. 3. Such results provided more decision-making alternatives.

total carbon emission (TCE) and carbon sequestered (CS). How the
values of TCE and CS distributed were are also displayed in Fig. 7(a).
The changing trends of these two terms were the same as that of CF,
because all of them had direct linear relationships with planting areas
of different crops. From the carbon footprint model, the emissions of
CO2, N2O, CH4 and an equivalent of CO2 from crop straw burning
contributed to the total carbon emissions. Among them, the emission of
CH4 was zero because no rice was planted in the oasis of Heihe River
basin. The percentage of CO2 emission from crop straw burning was
negligible (less than 1%). In other words, the TCE was from the emission of CO2 and N2O, with the emission of CO2 occupying 77% and
emission of N2O occupying 22%. The direct emission of CO2 contributed most to the soil carbon emissions. Therefore, efficient utilization of field activities including the utilization of fertilizer, pesticide,
agricultural films, agricultural machinery and irrigation electricity were
still the focus to improve agricultural soil environment.
Fig. 7(b) shows the annual changes of groundwater level, which was
the summation of the corresponding changes in different time periods.
This simulated result was the output from the groundwater dynamic
model. From the figure, the changes of groundwater level in the south
part were higher than that in the north part. According to the original
groundwater depth of the observation wells (Fig. 2), the groundwater
depth of each irrigation districts could be obtained. In this study, the
threshold groundwater depth that avoided soil salinization was set as
2.5 m. Through adjustment, the agricultural irrigation coefficient of
groundwater was 0.92, 1.0 and 1.57 for wet, normal, and dry conditions, respectively. In such cases, the salinization of soil could be
avoided. It should be noted that for Shangsan, Anyang, Huazhai, Banqiao, Xinba and Hongyazi irrigation districts, there was no groundwater
extraction according to actual situations. The changes of groundwater
level were based on the interchanges between soil layer and aquifer,
canal recharge, and seepage groundwater extraction. The exchange rate

4.3. Spatial distribution of soil carbon emissions and groundwater level
The aim of the approach was to protect soil environment, reflected
in two aspects: reducing soil carbon emissions and ensuring the changes
of groundwater level against soil salinization. Therefore, the performance related to these two parts under normal conditions is demonstrated in Fig. 7. Fig. 7 (a) shows the spatial distribution of CF which
shows that CF displayed an increasing trend from northwest to southeast. The carbon footprint in Ganzhou region was the highest while in
Gaotai County it was the least, attributed to the larger land allocation
for Ganzhou region. The results was in accord with that in Fig. 4. The
average value of CF was 0.66 kgCO2eq/kg. The CF was related to the
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Fig. 7. Spatial distribution of carbon emission and groundwater level changes.

between the root zone and the buffer zone (ERB) and the exchange rate
between the buffer zone and groundwater (EBG) are also demonstrated
in Fig. 7(b), which were obtained from the soil water balance models in
the vadose zone. The average value of RBE was 332 m3/ha and of BGE
was 542 m3/ha, which directly depended on the water allocation results
of the optimization model. From the figure, the exchange capacity between soil layer and aquifer in Yingke, Xijun, Youlian, Liyuanhe,
Daman and Anyang irrigation districts was higher than in other irrigation districts, for their larger crop planting areas, based on the optimal results, accounted for more than 70% of the total exchange capacity. The above results show that both land and water resources

affected soil environment, leading to the necessity to optimally allocate
agricultural land and water resources simultaneously.
4.4. Discussion
In this study, an optimization-simulation approach for the integrated allocation of agricultural land and water resources was proposed. Two interactive modules were embedded into the approach:
optimization module and simulation module. In the optimization
module, a CCP-based multi-objective non-linear programming was developed with the advantages of: (1) supporting an integrated allocation
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of agricultural land and water resources considering both water resources allocation efficiency and the environmental impacts from
carbon emissions from the soil; (2) quantifying the interrelationships
among the main components of land-water nexus and handling the
tradeoffs of land and water resources for different crops and irrigation
districts; (3) dealing with the nonlinearity and uncertainties during the
resources configuration. This is one major novelty of this study. Two
important indexes, i.e. CF and IWUE, were incorporated into the optimization model to reflect the tradeoffs between resources allocation
efficiency and soil environment protection by simultaneous agricultural
land and water resources allocation. Based on the description of the
carbon footprint model, many aspects contributed to soil carbon
emissions. In an agricultural system, both crop farming and stock
farming generated greenhouse emission. However, in order to study the
interaction between CF and IWUE, the carbon footprint model in this
study only quantified those aspects that related to crop farming,
without considering the organic fertilizer, which was considered to
belong to stock farming. The study results showed how the system was
sensitive to surface water availability by introducing CCP into a multiobjective non-linear programming framework, thus Zimmerman's
technique and CCP technique were integrated to solve the developed
optimization model. As water availability was the main limiting factor
for both land and water resources allocation, especially for arid and
semi-arid regions, this study considered the randomness of water
availability and the results of resources allocations and objective
function values under different violation probabilities could help decision makers gain insights into when water availability could maximize the effectiveness. For this study, water availability with violation
probabilities between 0.05 and 0.1 was favorable, because during this
range the IWUE was approaching the maximum while the soil carbon
emissions remained almost unchanged. More water availability might
be a waste, because besides water availability, crop-planting area was
another main restriction of the optimization module. As the developed
model shows, there were plenty of parameters involved. The implementation of the model might be limited by data availability that
could result in other kinds of uncertainty, e.g. the fluctuations of irrigation quota and the dosages of chemical fertilizers and electricity use.
For these parameters, their deterministic forms were adopted to reduce
computational burden. Future works would focus on incorporating
more components related to soil carbon emission and developing the
solution method for multi-objective non-linear programming with
multiple uncertainties to improve the applicability of the optimization
model.
Soil-water environment protection was the final goal for the developed approach reflecting two aspects. One aspect was to consider the
soil carbon emission in the form of carbon footprint model that was
incorporated in the optimization model. The other aspect was to avoid
soil salinization that was evaluated by the groundwater depth which
was simulated by the groundwater dynamics model using FEFLOW
software. The connections between the optimization model and the
simulation model were the source sink of the groundwater dynamics
model, which could be obtained based on the results of the optimization
model. The conceptual soil water balance models in the vadose zone
were considered which connected the optimization model and the simulation model. This is another novelty of this study. Soil water was an
important part that has usually been neglected when conjunctively allocating surface water and groundwater. Based on the framework, the
exchanges among precipitation, irrigation water, evapotranspiration,
soil water, and groundwater were presented. Through the adjustment of
agricultural irrigation coefficient of groundwater, the optimal allocation of both land and water resources can be obtained which achieves

the best performance of the approach, i.e. simultaneously maximizing
IWUE, minimizing soil carbon emissions, and avoiding soil salinization.
In other words, the simulation model can also be used to evaluate
whether the optimization results are in favor of soil environmental
protection. This study considered the normal conditions of soil water
transfer. However, for some special circumstances, for example, the
seasonal frozen soil, the physical, mechanical and hydraulic properties
of which were different (Hou et al., 2019). This would affect the results
of agricultural land and water allocation, and also deserves further
study.
5. Conclusion
A mixed optimization-simulation approach was developed by integrating multi-objective non-linear programming, Chance-Constrained
Programming (CCP), soil water balance models, and groundwater dynamics model. The main contributions of this research work are: (1)
development of a mixed optimization-simulation approach for soil environment protection, with consideration of conflicting irrigation water
use efficiency (IWUE) and soil carbon emissions; (2) application to simultaneous allocation of agricultural land and water resources in an
efficient and environmental-friendly way; (3) reflection of randomness
of water availability to provide decision alternatives.
The approach was applied to identify the optimal land and water
resources allocation schemes from two water resources to two kinds of
crops in 17 irrigation districts in the oasis of Heihe River basin,
northwest China. Results demonstrated that agricultural land and water
resources were interactive, and simultaneously allocated agricultural
land and water resources helped to decrease soil carbon emissions and
increase water use efficiency. The cropping pattern was sensitive to
water availability. For the study area, an increase of 9% to 13% of
water availability would help to reach the best possible balance in the
contradictory objectives of reducing soil carbon emissions and increasing irrigation water use efficiency. The degree of soil pollution of
the southeast part of the study area was more serious than that of the
northwest part. It was recommended for the efficient utilization of irrigation water resources and filed activities (such as the utilization of
fertilizer, pesticide, agricultural films and agricultural machinery) to
reduce soil pollution. The consideration of soil water balance had an
important effect on both the comprehensive allocation of agricultural
land and water resources and the decrease of soil salinization.
Therefore, allocating agricultural land and water resources simultaneously was necessary for the protection of soil environment. Results
showed that the developed approach was an effective tool for guiding
basin-scale agricultural land-water resources management to promote
efficient resources allocation and protect soil environment. The developed approach was portable to other predominantly agricultural basins
with scarce water resource supply and shallow groundwater tables.
There are gaps in our understanding that need to be filled by future
studies. For example, more uncertainties and more complex situations
of soil water transfer should be integrated into the optimization-simulation modelling framework in order to enhance its applicability in realworld conditions.
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Appendix A
The abbreviations of the framework are listed as the following.
Aic
Aicmin, Aicmax
BSWt
BSWFt
CCP
CF
CS
D
Ddies,Dfer, Dfilm, Dpes,
Delec
ddies, dfer, dfilm, dpes,
delec
ECH4
ECO2
EN2O
EBGt
ERBt
ET0t
ETt
FDmin
FEFLOW
h
H
Itchan, Itwell
IQictsur, IQictgro
K
Kct
Kst
L
IRimin
IWUE
n
NCE
Pt
p
PEt
Pr{g}
POi
q2(x, y, t)
Ri(t−1)
RCSWt
RSWt
RSWFt
SBCH4
SBCO2
SB(NOx+NH3)
TCE
TW
TWtsur, TWtgro
W(x, y, t)
WSitsur, WSitgro
Yic
αic
βc
δdies, δfer, δfilm, δpes,
δelec
εfer−leach
εfer−N2O,εfer−NH3
εcNO2, εcNO, εcNH3, εcN-

Dosages of diesel for agricultural machinery (kg/ha), electricity use of irrigation (kWh/ha), fertilizer (kg/ha), agricultural film (kg/ha), pesticide per unit area
(kg/ha)
Emission of CH4 (kg)
Emission of CO2 (kg)
Emission of N2O (kg)
Exchange rate between buffer zone and groundwater in time period t (mm)
Exchange rate between root zone and buffer zone in time period t (mm)
Reference evapotranspiration in time period t (mm)
Actual evapotranspiration in time period t (mm)
Minimum food demand (kg/capita)
Finite Element subsurface FLOW system
Distance between the phreatic free surface and the bottom of the phreatic aquifer (m)
Groundwater level (m)
Channel and well irrigation water amounts at the farmland in time period t (mm)
Irrigation quota of surface water, groundwater, respectively, of crop c in irrigation district i in time period t (m3/ha)
Hydraulic conductivity (m/T)
Crop coefficient in time period t
Soil water stress coefficient in time period t
Depth of root zone (mm)
Minimum irrigation requirement for irrigation district i (m3)
Irrigation water use efficiency (kg/m3)
Normal vector pointing outwards of Γ2
Net carbon emission from crop production (kgCO2eq)
Effective precipitation in time period t (mm)
A significant level (or violation probability)
Phreatic evaporation in time period t (mm)
Probability of random event {g}
Population in district i (people)
Unit discharge of the Γ2 (m/T)
Remaining water amount of irrigation district i in time period t − 1 (m3)
Critical value of soil water storage for water exchange between the root zone and the buffer zone (mm)
Actual soil water storage in the root zone in time period t (mm)
Field water capacity in the root zone in time period t (mm)
CH4 caused by straw burning (kgCO2eq)
An equivalent of CO2 from crop straw burning (kgCO2eq)
Oxynitrides and ammonia caused by straw burning (kgCO2eq)
Total carbon emission from crop production (kgCO2eq)
Total amount of irrigation water (m3/ha)
Total surface water supply and groundwater recharge in time period t − 1 (m3)
Source and sink items of groundwater (m/T)
Surface water and groundwater supply of irrigation district i in time period t (m3)
Yield per unit area of crop c in irrigation district i (kg/ha)
Ratio of irrigation area and planting area
Ratio of straw to harvest part of crop c
Carbon emission coefficient of diesel for agricultural machinery (kgCO2eq/kg), electricity use for irrigation (kgCO2eq/kWh), fertilizer (kgCO2eq/kg),
agricultural film (kgCO2eq/kg), pesticide (kgCO2eq/kg)
Nitrogen leaching coefficient
Emission coefficients of N2O and NH3 from fertilizer
Gas emission of straw burning

ηsur, ηgro
θRFC, θRWP
θt
γc
μ
σc
τc
νc
ϕ1(x, y)
χt
ΔRSWt
ΔBSWt
Γ1, Γ2

Utilization coefficients of surface water and groundwater irrigation
Field capacity and wilting point of soil water in the root zone, respectively (m3m−3)
Soil water content in root zone in time period t (m3m−3)
Proportion of burning of crop c (%)
Specific yield
Proportion of return to the field of crop c (%)
Shoot-root ratio of crop c
Carbon content in root of crop c (%)
Waterhead of the Γ1 (m)
Agricultural irrigation coefficient of groundwater
Variation of soil water storage in root zone in the adjacent time period (mm)
Variation of soil water storage in the buffer zone in the adjacent time period (mm)
First and second boundary conditions

H
4

Planting area of crop c in irrigation district i (ha)
Minimum and maximum planting areas for crop c in irrigation district i (ha)
Actual soil water storage of the buffer zone in time period t (mm)
Field water capacity of the buffer zone in time period t (mm)
Chance-Constraint Programming
Carbon footprint of crop production (kgCO2eq/kg)
Carbon sequestered by crop production (kgCO2eq)
Simulated scope
Dosages of diesel for agricultural machinery (kg), electricity use for irrigation (kWh), fertilizer (kg), agricultural film (kg), pesticide (kg)
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