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Soil and water conservation practices have been extensively used in effective watershed management.
The impact of each conservation practice is site specific and dependent on the implementation site in the
watershed. In order to select cost effective placement of conservation practices with high impact, a large
number of spatial combinations is needed to be compared. In this study, an optimization model
framework is presented to find cost effective solutions for sediment yield and runoff control in the
Fariman dam watershed in the Northeast of Iran. This was accomplished by integrating soil and water
assessment tool (SWAT) for simulation of watershed hydrology and multi objective genetic algorithm
(NSGA-II) for spatial optimization of soil and water conservation practices. The optimized solutions
provided a trade-off between the two objective functions. The final Pareto-optimal shows that the impact
of soil and water conservation practices on sediment yield is more than stream flow. The trade-offs
between the objective functions show that the implementation of the median cost can lead to a sig-
nificant decrease of 22.1% in the amount of sediment yield, and 10% in stream flow. Also, percent change
achieved through median cost is very close to percent reduction with the highest cost. Results of low cost
solution show that the vegetative practices are a suitable economic scenario for soil and water conser-
vation. The introduced framework can be adapted as a suitable tool for selecting cost effective conser-
vation practices in different regions.
© 2021 International Research and Training Center on Erosion and Sedimentation, China Water & Power

Press. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Accelerated soil erosion is one of the major forms of land
degradation in natural resources (Lal, 1990). Soil erosion causes
over 83% of land degradation worldwide and has been a threat for
food security (Oldeman et al., 1991). An estimated 10 million ha of
cropland are abandoned annually; the main reason behind this
abandonment is lack of productivity caused by soil erosion
(Pimentel, 2006). Soil erosion by water is recognized as a serious
problem in most parts of Iran. About 100 million ha of Iranian soil
are exposed to soil erosion or other forms of chemical and physical
destruction that cause approximately 300 (Mm3) of sediment de-
posit in dams, annually (Kheyrodin, 2016). On average, soil erosion
in Iran is three times higher than other Asian countries and 20
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times the global average, this translates an economic loss of USD 56
to 112 billion every year (Sadeghi, 2017). Therefore, Soil and Water
Conservation practices (SWC) are the priorities of local and inter-
national organizations for soil erosion and sediment yield control.

These practices including management (non-structural), and
structural practices which can reduce the amount of sediment and
Non-point pollutants entering the water reservoirs. The imple-
mentation of SWC practices across large areas of watershed is not
usually possible due to limited financial resources and environ-
mental constraints (Yang & Best, 2015). Therefore, watershed
planers need to introduce effective methods for selecting suitable
sites to implement SWC practices. The impact of each practice
depends on its implementation site in a watershed, which requires
a large number of scenarios to be compared (Jha et al., 2008).
Traditional methods for allocating SWC practices are mainly based
on the critical source areas (CSAs) and sediment production rate per
unit area, while the extent of sediment reaching water bodies at a
watershed is also important. Suitable areas for implementing SWC
practices can usually be selected with consideration to financial
ation, China Water & Power Press. Publishing services by Elsevier B.V. on behalf of
ense (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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constraints and maximum sediment and runoff reduction in the
form of an optimization problem (Chen et al., 2016). In order to
select and implement effective SWC practices, a combination of
tools are required, a distributed watershed model for simulation of
runoff and sediment, a GIS-based tool for identifying critical source
areas and an optimization algorithm for optimizing SWC practices
for cost effective solutions (Yang & Best, 2015). For this purpose,
distributed watershed models in an optimization framework make
it possible to achieve suitable solutions in the watershed scale
(Limbrunner et al., 2013).

In recent years, Genetic Algorithms (GA) have been used to
integrate economic and hydrological models to investigate place-
ment of several BMPs in agricultural watersheds based on different
target functions (Geng et al., 2019; Liu et al., 2019). Multi-objective
Genetic algorithm, Non-Dominated Sorting Genetic Algorithm
(NSGA), Niched Pareto Genetic Algorithm, Strength Pareto Evolu-
tionary Algorithm (SPEA-2) and Multi-Objective Ant Colony Opti-
mization Algorithm are some examples of multi-objective
algorithms that are used for optimization problems (Mora-Melia
et al., 2015). The NSGA-II algorithm is one of the most effective
and important methods for solving multi-objective optimization
problems. This algorithm has been used extensively for planning
and managing watersheds because there are many decision vari-
ables for implementation of conservation practices. NSGA-II
method is one of the most widely used multi-objective genetic
algorithm which has been used to select the appropriate BMP
location in the basin scale based on efficiency and economic con-
siderations (Chen et al., 2015, 2016 and Pyo et al., 2017).

In the last four decades, a plethora of hydrological/water quality
models has been developed to simulate stream flow, soil erosion
and nonpoint source (NPS) pollutant fate and transport at water-
shed scales (Srivastava et al., 2007). These models are used in
planning, design, and operation of projects toward soil and water
conservation, and to protect their quality (Singh & Woolhiser,
2002). The Soil and Water Assessment Tool (SWAT) model is a
watershed-scale, continuous-time, semi-distributed, ecohydro-
logical river basin model (Arnold et al., 1998). SWAT incorporates
over 30 years of model development at the US Department of
Agriculture and Texas A&M University (Arnold et al., 2012). The
SWAT model has been tested across a range of watershed scales,
climatic zones, environmental conditions worldwide, and there are
numerous SWAT applications in several countries (Krysanova &
White, 2015; Bieger et al., 2017; Bressiani et al., 2015). Some of
the main modules of SWAT include hydrology, climate, nutrient
cycling, soil temperature, sediment movement, crop growth, agri-
cultural management, and pesticide dynamics (Abbaspour et al.,
2009). SWAT development started from the Simulator for Water
Resources in Rural Basins (SWRRB) and Routing Outputs to Outlet
(ROTO)models in the early 1990s. SWAT simulates land use and soil
combinations by lumping areas into hydrologic response units
(HRUs) (Migliaccio et al., 2007). SWAT was developed to evaluate
the effects of watershed management scenarios and weather con-
ditions on water resources and diffuse pollution in a watershed;
hence, one of key strengths of SWAT is a flexible framework
allowing for the simulation of a wide variety of conservation
practices (Gassman et al., 2007). Due to this strength, many studies
have used SWAT for simulation of a wide variety of structural and
nonstructural Best Management Practices (BMPs) (Li et al., 2012;
Ahmadi et al., 2013; Abbaspour et al., 2015; Chen et al., 2015; Liu
et al., 2019 and Geng et al., 2019, Mosbahi & Benabdallah, 2020).
The term Best Management Practices (BMPs) is widely used to
address hydrology and water pollution and was originally designed
for the purpose of controlling soil erosion (Zhuang et al., 2016).

Several studies have been conducted to optimize types and
location of BMPs in a watershed using watershed simulation
2

models and evolutionary algorithms. Ahmadi et al. (2013) pre-
sented an optimization-simulation approach by integrating a
multi-objective genetic algorithm and SWAT to determine the
types and locations of optimum BMP for controlling nutrients and
pesticides in Eagle Creek, Indiana. Panagopoulos et al. (2013)
embedded the SWAT model into an optimization framework and
obtained optimal BMPs settings for performing acceptable river
water quality with three different sediment and nutrient targets,
using a multi-objective genetic algorithm. Chen et al. (2016) opti-
mized the BMPs with the lowest cost for water pollution control in
a watershed in China. For this purpose, a hydrological model was
used to estimate the amount of contaminants under BMP scenarios,
Markov algorithm was applied for measurement and water quality
reactions, and NSGA-II evolutionary algorithm was used for opti-
mizing BMPs. Using the combination of the genetic algorithm
optimization tool and SWAT model, optimal BMPs were investi-
gated in critical areas in the Illinois River by Chiang et al. (2014). Liu
et al. (2013) also aimed to optimize BMPs by developing an opti-
mization model, including a multi-objective genetic algorithm,
ε-NSGA-II in combination with the SWAT model in Pickhard Creek
county in Southern Ontario, Canada, Geng et al. (2019) used SWAT
and NSGA-II to find the optimal combination of BMPs, including
conservation tillage, careful timing of less fertilizer application,
contour planting, and use of a field buffer strip in a watershed in
Beijing, China.

Based on past literature, most studies mainly optimized urban
BMPs which focus on NPS pollutant control. This method could also
prove to be an effective tool in spatial optimization of SWC mea-
sures for sediment and flood control in reservoir upstream.

The purpose of this research is to 1) develop a framework that
incorporates the SWAT model and NSGA-II model for optimizing
SWC practices in the Fariman Dam watershed 2) Evaluate the
framework by simulating the impacts of two commonly used SWC
practices including vegetative and structural measures in reducing
sediment yield and stream flow. In this regard, the SWAT model
was used to simulate watershed hydrology and the impact of soil
and water conservation practices. Also, NSGA-II algorithm was
selected for spatial optimization due to its superiority in solving
problems with a large decision space.

2. Materials and methods

2.1. Description of the study area

The Fariman dam watershed with an area of 278.8 km2 lies
between the northern latitudes of 35� 330 0100 and 35� 410 1000 and
the eastern longitudes of 59� 340 5400 and 59� 440 1100 in Northeast
Iran (Fig. 1). The annual mean precipitation of the watershed using
the 30-year data of the nearest climatological stations is 263 mm.
The average annual temperature is 12 �C which varies from 1 �C in
February to 22.5 �C in July. The climate of the watershed, based on
De Martone's method, is a cold and semiarid region. The topog-
raphy of the study area is characterized by mountains, hills and
plateaus with an elevation ranging from 1630 to 2123m aboveMSL.
The average slope of the watershed is 16.92% and the maximum
slope of some mountain parts is up to 60%. The main stream has
23.53 km length. Rangeland (65%) and dryland (30%) are the main
land uses in the watershed under study. Major crops grown in the
watershed are wheat, barley, sugar beet and potato and only wheat
and barley are cultivated in dryland areas. Based on FAO soil clas-
sification, there are three main soil types in the Fariman dam
watershed including Leptosols, Calcaric Cambisols, and Regosols.
Most of the soil units fall in the hydrological group A (47.6%) and B
(45%) and the rest lies in the hydrological group C (6.5%). The
Fariman dam is one of the oldest dams in Iran located at the



Fig. 1. Location of Fariman dam watershed in Iran.
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watershed outlet. Daily discharge and suspended sediment yield of
the watershed has been recorded since 1987 at the Bagh-Abbas
station in the main outlet. The average sediment yield of the
watershed is 21297 tons per year. Sensitivity of geological forma-
tions, the relatively high slope of the watershed, and dry farming
with low yield are the main reasons for soil erosion and sediment
yield in the watershed (Naseri et al., 2018).

2.2. SWAT model description

The SWATmodel is designed for prediction of landmanagement
impacts on the hydrology of watersheds with soil, land use and
different management conditions (Arnold et al., 1998). The main
components of the SWAT are hydrology, climate, sediment, nutri-
ents cycling, soil temperature, plant growth, pesticides dynamics,
agricultural management and flow routing (Arnold et al., 2012). The
HRU is the smallest unit in this model, which is based on a com-
bination of slope, soil and land use. Hydrological processes in the
SWAT model are divided into two phases: land and water. The land
phase is related to the surface processes of the basin and the entry
of water, sediment and nutrients into the main stream of each sub-
basin, and the second division, the water phase, which includes the
movement of water, sediment, nutrient from upstream to channel
network and then to the outlet of watershed (Gassman et al., 2007;
Neitsch et al., 2011). The simulation of the land phase of the hy-
drological cycle in the SWAT model is based on the water balance
Equation (1).

SWt ¼ SW0 þ
Xt
i¼1

�
Rday �Qsurf � Ea �Wseep �Qgw

�
(1)

In Equation (1), SWt is the final soil water content (mm), SW0
initial soil water content (mm), Rday the amount of rainfall on the
day i (mm), Qsurf amount of surface runoff on day i (mm), Ea
evapotranspiration amount on day i (mm), Wseep the amount of
water entering in day i from the soil profile to the vadose zone and
Qgw amount of return flow (mm) on the day i (Neitsch et al., 2011).

Soil erosion and sediment yield in the SWAT model are deter-
mined for each HRU using theModified version of the Universal Soil
3

Loss Equation (MUSLE) model (Williams, 1975; Williams & Brent,
1977) which is a modified version of the Universal Soil Loss Equa-
tion (USLE) (Wishmeier & Smith, 1978). In MUSLE, the rainfall
factor has been replaced with the runoff factor; therefore, for each
day with a specific rainfall and runoff, the sediment yield of each
HRU is determined through Equation (2).

Sed¼11:8�
�
Qsurf � qpeak � areahru

�0:56 � K � C� P� LS

� CFRG

(2)

In Equation (2), Sed is the amount of sediment yield on a given
day (tons), Qsurf is the surface runoff volume (mm/ha), qpeak is the
peak flow rate (cubic meters per second), areahru is the hydro-
logical response unit (hectare), K is the soil erosion factor, C is the
cover and management factor, P is the USLE support practice factor,
LS is the USLE topographic factor, and CFRG is the coarse fragment
factor (Neitsch et al., 2011). Surface runoff is calculated using either
the Runoff Curve Number (RCN) method or Green-Ampt method.
There are two methods for stream flow routing: variable storage
routing method, and the Muskingum River routing method. For
estimating the evapotranspiration, three methods of Priestley-
Taylor, Penman-Monteith and Hargreaves are presented in the
model (Neitsch et al., 2011).
2.3. SWAT model setup

In this research, a 30 m Digital Elevation Model (DEM) derived
fromNASA's Shuttle Radar TopographyMission (SRTM) dataset was
used for watershed delineation. Land usemap of thewatershedwas
prepared for year 2000 using Landsat 5 satellite imagery. The soil
map of the basin at a scale of 1: 20000 was obtained from the
Natural Resources Office of Khorasan Razavi province. The Soil map
provides comprehensive information on the physical and chemical
properties of the soil classes. Daily temperature and precipitation
data for the period of 1991e2000 and daily flow data for the hy-
drometric station near the outlet for the years 1991e2000 were
obtained from the RegionalWater Company of Khorasan Razavi and
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were used in the simulation (Table 1).
The SWAT model was calibrated for the years 1991e1997 for

stream flow and 1991e1995 for sediment yield using sensitive
parameters and the years 1998e2000 were considered for valida-
tion of the model. These years were selected for simulation because
of the non-implementation of watershed management measures
and least amount of anthropological intervention. In this research,
the RCN, Hargreaves and Muskingum methods were used to
calculate surface runoff, evapotranspiration and flow routing,
respectively. Fig. 2 shows the land use and soil units of the studied
watershed.
2.4. SWAT model calibration and validation

In this research, for sensitivity and uncertainty analysis, cali-
bration and validation of the model, the Sequential Uncertainty
Fitting algorithm (SUFI-2) in the SWAT-CUP software (https://swat.
tamu.edu/software/swat-cup) was used (Yesuf et al., 2016; Yang
et al., 2009). SWAT-CUP uses the P-factor and R-factor for uncer-
tainty assessment; the P-factor represents the percentage of
observed data within the uncertainty band range (95PPU) and the
R-factor is the ratio of the 95PPU band's width to the standard
deviation of the measured data (Abbaspour, 2007). Based on pre-
vious studies, 30 parameters for stream flow and 14 parameters for
sediment yield were selected for sensitivity analysis (Arabi et al.,
2008; Abbaspour et al., 2015; Arnold et al., 2012). Afterwards, the
calibration and validation of the model were performed with
stream flow and monthly sediment yield data. The results of the
SWATmodel in simulation of stream flow and sediment yield of the
watershed were evaluated using the coefficient of determination
(Equation (3)) NasheSutcliffe Efficiency Coefficient (Equation (4)),
Percent Bias (Equation (5)), and Root Mean Square Error) RMSE) to
RMSE-Observations Standard Deviation Ratio (Equation (6))
(Moriasi et al., 2015; Nash & Sutcliffe, 1970):

R2 ¼

2
64

Pn
i¼1

�
Oi � O

��
Pi � P

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

�
Oi � O

�2Pn
i¼1

�
Pi � P

�2r
3
75
2

(3)

NS¼1�
1
N
Pn

i¼1ðOi � PiÞ2
1
N
Pn

i¼1

�
Oi � O

�2 (4)

PBIAS¼
�Pn

i¼1ðOi � PiÞ:ð100ÞPn
i¼1ðOiÞ

�
(5)

RSR¼ RMSE
STDEVobs

¼

� ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðOi � PiÞ2

q �
� ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

�
Oi � P

�2r � (6)

In the above equations, n is the number of data, Oi is the
Table 1
Data and sources for SWAT simulation.

Data Duration
year

Daily rainfall, Daily maximum and minimum temperature, Daily stream flow
data

1991e20

Soil map, Land use map 2000
Digital Elevation Model (DEM) 2000

4

observed value, Pi is the predicted value of themodel, O is themean
of the observed values and P is the mean of the predicted values of
the model.

Hydrologists are usually faced with the challenge of selecting
specific efficiency criteria to clearly assess model performance
because efficiency criterion may place emphasis on different sys-
tematic and/or dynamic behavioral errors (Krause et al., 2005). The
Nash-Sutcliffe efficiency which is one of the most frequently used
efficiency criteria is good for use with continuous long-term sim-
ulations and can be used to determine how well the model simu-
lates trends; however, it is very sensitive to peak flows, at the
expense of better performance during low flow conditions.

Pearson's correlation coefficient (r) and coefficient of determi-
nation (R2) which describe the degree of collinearity between
simulated and measured data are oversensitive to high extreme
values and insensitive to additive and proportional differences
between model predictions and measured data. Therefore, R2 and r
should not be used solely for model quantification (Krause et al.,
2005; Legates & McCabe, 1999). In addition to the above two
criteria, the RMSE-observations standard deviation ratio (RSR) in-
corporates the benefits of error index statistics and includes a
scaling factor, so the resulting statistics and reported values can be
applied to various output responses (Moriasi et al., 2015). A good
calibration uses multiple performance evaluation criteria, each
covering a different aspect of the hydrograph. This is important
because using a single performance criterion can lead to undue
emphasis onmatching one aspect of the hydrograph at the expense
of other aspects (Moriasi et al., 2007). In order to achieve compa-
rable results and have model performance qualitative ratings, the
present study used R2, NSE, PBIAS and RSR performance measures
which have been recommended by Moriasi et al. (2015, 2007).
Based on the meta-analysis results by Moriasi et al. (2015), model
performance can be judged “satisfactory” for flow simulations daily,
monthly, or annual R2 > 0.60, NSE > 0.50, and PBIAS � ±15% for
watershed-scale models. Additionally, model performance can be
judged “satisfactory” if monthly R2 > 0.40 and NSE >0.45 and daily,
monthly, or annual PBIAS �±20% for sediment.

2.5. Modeling of conservation practices in SWAT

In this research, both vegetative and structural SWC were
explored. These scenarios were based on the history of past con-
servation practices implemented in the watershed.

Vegetative practices included improvement of perennial vege-
tation cover via range planting and seeding on highly erodible areas
which vegetation cover is poor and cannot provide adequate
erosion control. Range planting treatment is assumed to improve
vegetation cover and reduce runoff and soil erosion by wind and/or
water. In the study area Alfalfa (Medicago sative), sheep fescue
(Festuca ovina) and desert wheatgrass (Agropyron desertorum) are
three main types of vegetation which had been planted via seeding
and gap filling in poor rangelands of the watershed. Considering
Fig. 3a vegetative practices could be implemented in an area of
9391 ha in nearly all sub-basins that may not be operational due to
/ Source

00 Regional Water Company of Khorasan Razavi province

Natural Resources Office of Khorasan Razavi province
NASA's Shuttle Radar Topography Mission (SRTM) https://earthexplorer.
usgs.gov

https://swat.tamu.edu/software/swat-cup
https://swat.tamu.edu/software/swat-cup
https://earthexplorer.usgs.gov
https://earthexplorer.usgs.gov


Fig. 2. Land use map (a) and soil units map (b) of Fariman dam watershed.

Fig. 3. Susceptible locations for Vegetative (a) and structural (b) practices.

F. Naseri, M. Azari and M.T. Dastorani International Soil and Water Conservation Research xxx (xxxx) xxx
high cost. Therefore, half of the potential areas in each sub-basin
were considered. Based on the literature review, vegetation prac-
tice can be considered in SWAT model by changing CN2 (Moisture
condition II curve number), Manning's N for overland flow (OV_N)
and USLE_C factor parameters, but due to the high sensitivity of the
model to CN2 in this research we only changed this parameter.
Vegetative practices caused a change in the hydrological condition
of ranges from poor condition and higher CN Values to good con-
dition and lower CN values. In order to implement the vegetative
practice scenario in the SWAT model, the CN2 parameter was
changed in all HRUs with poor vegetation cover.

The structural practices focused on construction of check dams
in the streams. Structural practices included construction of porous
gully plugs in the first order streams and gabion check dams in the
second order streams (Fig. 4a). Through decreasing the channel
5

slope gradient and allowing water percolation, Porous gully plugs
reduce the velocity of concentrated flow and thereby reduce the
erosive power of flowing water and facilitating sediment settling.
Porous gully plugs are generally installed on the ephemeral gullies
and therefore gully plugs were simulated by modifying CH_N1
(Manning's n value for tributary channels) through changing CH_S1
(Average slope of tributary channels) parameters (Tuppad et al.,
2010; Arabi et al., 2008; Arnold et al., 2013). In order to imple-
ment the Porous gully plugs, all first order Strahler streams totaling
93.1 km were selected (Fig. 3b).

Gabion check dams are semi-permeable stone bounds from 1 to
a few meters high which are built in the gullies perpendicularly to
the main stream flow line (Fig. 4b). These check dams are weirs
characterized by the presence of metallic gabions used to avoid the
stone displacement caused by high flow rates. Gabion check dams



Fig. 4. Examples of two structural practices in the Farmian dam watershed: (a) porous gully plug and (b) gabion check dam.
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are built in gullies to create a sedimentation bench that decrease
the average upstream slope. The consequent slowing-down of the
flowing water reduces soil loss upstream and trapped sediment in
reservoirs, and promotes water infiltration into the soil (Grimaldi
et al., 2015). The Gabion check dams practices were simulated in
the SWAT through changing CH_S2 (Average channel slope along
channel length), CH_N2 (Manning's n value for main channels) and
CH_COV1 (Channel cover factor) parameters (Tuppad et al., 2010;
Arabi et al., 2008; Arnold et al., 2013). About 76.5 km of second
order streams in the watershed were selected for gabion check
dams (Fig. 3b).

The compensation slope of the streams was calculated for
adjustment of the CH_S1 and CH_S2 parameters. The value of the
CH_N1 parameter was 0.014 before the implementation of the
conservation practice, by default. This parameter increased after
conservation practices simulation up to 0.05. The value of the
parameter CH_COV1 changed from 0 to 1 in the conservation
practice. Table 2 shows the conservation practice parameters in the
SWAT model.

The conservation practice costs were calculated based on the
dominant type of check dams, proposed by the Natural Resources
Office of Khorasan Razavi province for the watershed under study.
The number of check dams that could be implemented in each
stream were calculated based on the stream's longitudinal slope
and distance between the check dams (Geyik, 1986). The cost of
vegetative practice was also determined according to the imple-
mentation area (Table 2).
2.6. Spatial optimization with NSGA-II algorithm

The objective function in this research is to minimize the stream
flow, sediment yield and total cost. The decision variables of the
problem are the type and location of conservation practices, and
the decision space is of a binary type. Given the number of sub-
basins (28) and the number of conservation practices (3), the
Table 2
Representation of conservation practices in SWAT.

Conservation
Practice

Parameter SWAT

Vegetative Practices CN2.mgt
Structural Practice porous gully plug CH_S1. sub

CH_N1.sub
Gabion check dam CH_S2. rte

CH_N2. rte
CH_COV1.rte

6

decision space is 228�3 ¼ 1:934281311� 1025. This space includes
decisions thatmay not be operational, which should be ignored and
further omitted. To make the optimal decision, the value of each of
the target functions must be calculated for each decision. Also, the
cost of implementing any decision is also calculated with Equation
(7).

Cost¼
Xn
i¼1

ðgi1aic1 þ gi2nic2 þ gi3mic3Þ (7)

In Equation (7), ai, ni andmi, are the sub-basin area, the number
of gabion check dam and the number of porous gully plugs in each
sub-basin. c1, c2 and c3, are the implementation cost of vegetative
practices per hectare ($.ha�1), and the unit cost of gabion check
dam and porous gully plugs per cubic meters, respectively. The gi1,
gi2 and gi3 parameters in Equation (7) are the components of a
decision for vegetative practice, gabion check dam and porous gully
plugs which defines implementation or non-implementation of
each practice in a given sub-basin.

SWAT-NSGA-II tool was created by integrating the SWAT model
and themulti-objective genetic algorithmNSGA-II. The NSGA-II has
an immense power in solving problems, especially with a very large
decision space. NSGA-II provides a compromise between conflict-
ing objective functions (Yang et al., 2015). In general, the NSGA-II
algorithm has five operators including initial population builders,
non-dominating sorting, cross over, mutation, and crowding dis-
tance. The NSGA-II algorithm has been transformed into a multi-
objective algorithm by adding the non-dominating sorting and
crowding distance operators. In multi-objective algorithm, instead
of finding one solution, a set of the best solutions is achieved
through a Pareto-optimal front. Non-Dominated Sorting is an
operator that assigns a superiority criterion, based on the ranking
and deflecting of the members of the population. A crowding dis-
tance is an operator that maintains the diversity of the solutions
and their dispersion among the equilibrium responses (Deb et al.,
Description Unit Cost ($)

Moisture condition II Curve number 2452.3
Average slope of tributary channels 4547.6
Manning's n value for tributary channels
Average channel slope along channel length 2928.5
Manning's n value for main channels
Channel cover factor
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2002). The NSGA procedure stops when it reaches a set of pre-
defined termination conditions. The commonly used stop criteria
are maximum number of function evaluations and the number of
successive generations without a significant improvement in the
objective function values (Ahmadi, 2013). Each decision variable in
optimization is considered a population member or chromosome
that consists of genes as shown in Fig. 5.

Every gene is composed of a specific combination of SWCs, or
what is referred to as an allele. According to this chromosomal
string, each gene can have either a zero or one state, one meaning
the implementation of a specific SWC combination in a specific
sub-basin, and zero meaning that the SWC combination is not
implemented in that sub-basin. In this study, the number of alleles
in each gene is 23 ¼ 8. The initial population is typically generated
randomly, like the above chromosome in Fig. 5. Also Fig. 6 shows
the flow chart of the SWAT-NSGA-II tool, and Table 3 shows the
values of the parameters of the NSGA-II multi-objective algorithm.

In this research, every generation was created by new popula-
tion members using the corresponding operators of the algorithms
then the SWAT model was run and the results of the watershed
stream flow and sediment yield were used to calculate of the
objective function. In order to stop the procedure, we need to have
pre-defined termination conditions. The commonly used termina-
tion criteria are the number of successive generations without a
significant improvement in the objective function values and
maximum number of function evaluations and (Ahamadi et al.,
2013). In this study, stop criterion is defined when the sum of
objective function values from Pareto-optimal solutions did not
change by more than 0.01% during 30 consecutive generations.
Fig. 6. Flow chart of SWAT-NSGA-II processes.

Table 3
Parameters of the NSGA-II multi-objective algorithm.

Parameter Value

Number of primary population 100
Number of generations 100
Number of members per generation 30
Mutation probability 0.7
Crossover probability 0.4
Rate of mutation 0.06
Type of parent selection and cut selection Random Selection
3. Results and discussion

3.1. SWAT model calibration and validation

The sensitivity analysis results of the SWAT revealed that 12
parameters for stream flow and 7 parameters for sediment yield
were the most sensitive (Table 4). For stream flow, CN2 (Moisture
condition II curve number), CH_K (Effective hydraulic conductiv-
ity), ALPHA_BNK (Bank flow recession constant), SOL_K (Saturated
hydraulic conductivity of first layer) and GWQMN (Threshold water
level in shallow aquifer for base flow) were the most sensitive;
whereas USLE_K (USLE soil erodibility factor), LAT_SED (Concen-
tration of sediment in lateral and groundwater flow), SPEXP
(Exponent in sediment transport equation), SPCON (Coefficient in
sediment transport equation) and PRF_BSN (Peak rate adjustment
factor) were the most sensitive for sediment yield. The high
sensitivity of CN2 for stream flow and USLE_K for sediment from
landscape was reported by Arnold et al. (2012) who summarized
the sensitivity analysis of 64 case studies using SWAT.

Graphical results during calibration and validation periods are
presented in Fig. 7. It can be seen from Fig. 7 that the dynamics of
the observed hydrograph for stream flow are predicted. Also it
seems that the peak time prediction is satisfactory for both stream
Fig. 5. The chromosomal str
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flow and sediment yield. Meanwhile, the model could not simulate
high and low values of stream flow very well. This may be due to
the fact that the model predictions for sediment of low flows are
accompanied with high error. Model simplifications in simulating
sediment yield, inadequate description of channel routing process,
errors in the observed sediment yield data (especially in low flow),
ing and its components.



Table 4
Sensitivity analysis and calibration and results for stream flow and sediment yield.

Variable SWAT parametera Description Minimum Maximum Optimal
value

significance of the
sensitivity (p-value)

Stream
flow

r__CN2.mgt SCS runoff curve number for moisture condition II �0.5 0.5 0.17 0.0000
v__SURLAG.bsn Surface runoff lag time (days) 0.05 24 14.96 0.0704
v__ALPHA_BF.gw Base flow alpha factor (days) 0.2 2 0.72 0.2265
v__GW_REVAP.gw Groundwater re-evaporation coefficient 0.02 0.2 0.05 0.1856
v__GWQMN.gw Threshold depth of water in a shallow aquifer for return flow (mm) 0 5000 3085.09 0.0016
v__GW_SPYLD.gw Specific yield of the shallow aquifer (m3/m3) 0 0.4 0.35 0.0901
v__ALPHA_BNK.rte Base flow alpha factor for bank storage 0 1 0.07 0.0000
v__CANMX.hru Maximum canopy storage 0 100 88.11 0.0948
r__SOL_K.sol Saturated hydraulic conductivity (mm h-1) �0.8 0.8 �0.79 0.0000
r__SOL_BD.sol Moist bulk density �0.5 0.5 �0.24 0.0038
v__CH_K2.rte Channel effective hydraulic conductivity (mm h-1) 0 150 107.35 0.0869
v__CH_K1.sub Effective hydraulic conductivity in tributary channel alluvium 5 150 85.4 0.0000

Sediment
Yield

v__ADJ_PKR.bsn Peak rate adjustment factor for sediment routing in the sub-basin (tributary
channels)

0.5 1 0.16 0.0000

r__USLE_K.sol USLE equation soil erodibility (K) factor 0.8 �0.8 �0.38 0.0000
v__LAT_SED.hru Sediment concentration in lateral flow and groundwater flow 0 5000 2280.34 0.0000
v__SPCON.bsn Linear parameter for calculating the maximum amount of sediment that can be

reentrained during channel sediment routing
0.001 0.01 0.0075 0.2769

v__SPEXP.bsn Exponent parameter for calculating sediment reentrained in channel sediment
routing

1 1.5 1.44 0.2098

v__PRF_BSN.bsn Peak rate adjustment factor for sediment routing in the main channel 0 2 1.71 0.0000
v__ RSDCO.bsn Residue decomposition coefficient 0.02 1 0.63 0.4677

a (v__) refers to the substitution of a parameter by a value from the given range, while (r__) refers to a relative change in the parameter where as the current values is
multiplied by 1 plus a factor in the given range. The extension (.bsn) refers to the SWAT file type where the parameter occurs.

Fig. 7. Observed and simulated monthly stream flow and sediment yield for the calibration and validation periods.

F. Naseri, M. Azari and M.T. Dastorani International Soil and Water Conservation Research xxx (xxxx) xxx
are some of the weaknesses of SWAT in simulating sediment yield
(Azari, 2016; Phan et al., 2011; Shrestha et al., 2013). However, in
arid regions such as the study area, most soil erosion and sediment
yield occurs during flash floods, and so base flow does not
contribute much to watershed sediment yield.

Table 5 shows the model's evaluation criteria for the calibration
and validation periods. Based on previous published recommen-
dations, a combination dimensionless and error index statistics
Table 5
Performance Evaluation Criteria for calibration and validation results.

Variable Period Years R2

Stream Flow Calibration 1991e1997 0.75, (Slop
Intercept:

Validation 1998e2000 0.86 (Slop
Sediment yield Calibration 1991e1995 0.75 (Slop

Validation 1998e2000 0.81 (Slop
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were used for model evaluation (Moriasi et al., 2007). Since R2 is
based on correlation only and should not be used for model
quantification alone, the slope and intercept values of least squares
regression line are also provided. The slope of the line is close to a
value of one and intercept close to a value of zero indicating good
model performance. As can be seen in Table 5, the R2 values range
from 0.75 to 0.86 and slope of regression line varies from 0.72 to
0.88 during both calibration and validation of stream flow and
NSE RSR PBIAS(%)

e: 0.72,
0.28)

0.75 0.50 �0.01

e: 0.79, Intercept:0.15) 0.85 0.39 4.28
e: 0.81, Intercept:21.69) 0.73 0.51 18.49
e: 0.88, Intercept: 194.3) 0.78 0.46 28.89
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sediment yield. Intercept results for stream flow for both periods
are close to zero and are satisfactory, but the sediment yield
intercept results are not very good.

NasheSutcliffe Efficiency Coefficients for monthly stream flow
were 0.75 and 0.85, respectively, and for monthly sediment yield
were 0.73 and 0.78, respectively. Based on the model evaluation
guidelines presented by Moriasi et al. (2015), the SWAT model
simulated the stream flow and sediment yield trends very well.

The RSR values for sediment yield and stream flow ranged from
0.39 to 0.51 during both calibration and validation. These values
indicate that the model performance for stream flow and sediment
yield residual variation ranged from “good” to “very good”. Simu-
lation of average magnitudes (PBIAS) in Table 3 shows that model
prediction is well for stream flow (PBIAS< ±5), but for sediment
yield the result values fell within “satisfactory” and “unsatisfactory”
during calibration and validation. Based on the selected model
evaluation statistical criteria, the capability of the SWAT model in
simulation of stream flow was “satisfactory” to “very good” and
simulation of sediment yield varies from “unsatisfactory” to “very
good” in terms of trends (NSE), residual variation (RSR), and
average magnitude (PBIAS) (Moriasi et al., 2015).
3.2. Spatial optimization

Multi-objective Genetic Algorithm was implemented in the in-
tegrated simulator-optimizer SWAT-NSGA-II model with 100 Gen-
erations and this is because little change occurred in the Pareto-
optimal with change number of generation about 100, another
reason for this selection was the good spread of optimal solutions.
Fig. 8, shows the Pareto-optimal front of the final generation which
provides a range of sediment yield and stream flow/cost options in
support of trade-offs between objectives.

Fig. 9 shows the percent reduction in stream flow and sediment
yield. The last Pareto-optimal front shows that the efficiency of
conservation practices on sediment yield and stream flow are not
the same. Pareto-optimal front of the final generation shows that
conservation practices impact sediment yield more than stream
flow. This can be due to the fact that most conservation practice
parameters which were changed in the present study were more
sensitive to sediment yield than stream flow. Fig. 9 also indicates
that selection of suitable solution for sediment yield control de-
pends on the cost level rather than stream flow. In other words,
with an increase in cost, change is not noticeable for stream flow,
but is meaningful for sediment yield.

The implementation of the offered conservation practices could
reduce stream flow by 9.8% (6.8% - 10.1%), and sediment yield by
20.4% (11.5% - 24%). The percent reduction of stream flow and
sediment yield with the lowest cost (13 � 103 $) is 6.8% and 11.5%,
respectively. With the highest cost (299 � 103 $), the maximum
decrease was observed by 10.08% for stream flow and 24.1% for
sediment yield. The median cost (109 � 103 $) can lead to a sig-
nificant decrease in the amount of sediment yield (22.09%), and
stream flow (10%). Therefore, the amount of flow and sediment
reduction for median cost and highest cost are very close.

Spatial distributions of the optimal conservation practices for
high cost (solution 3), low cost (solution 2) and median coast (so-
lution 30) are presented in Fig. 10. Based on Fig. 10, the imple-
mented area for vegetative practices in high cost solution is
17758 ha which was proposed for 18 sub-basins and structural
practices implemented in 137 km of the watershed streams. In low
9

cost solution, only vegetative practices were proposed for 10864 ha
in 10 sub-basins. Spatial distribution of the optimal conservation
practices (Fig. 10) shows that structural practices with respect to
high implementation cost do not appear in the lowest cost solution.
Meanwhile, in the median cost and the highest cost, volume of
structural conservation is notable. As a result, it seems that vege-
tative practices are a suitable economic scenario for soil and water
conservation, although vegetative practices have a high uncertainty
results. The low-cost scenario is not necessarily the best SWC sce-
nario because other factors such as human and social aspects could
affect the acceptance of SWCs (Geng et al., 2019; Liu et al., 2019).
Therefore, more investigation regarding all factors influencing the
acceptance of SWCs’ adoption as the final plan for implementation
is recommended in the Fariman damwatershed. If median cost was
intended, solution 30 (Fig. 10b) is the best choice for implementa-
tion. In this solution, vegetative and porous gully plug practices
were implemented in almost all sub-basins because of its lower
cost. If the highest reduction regardless of financial limitation is
desirable, the best solution is 3. In this solution, the structural
practices of the gabion check dams has been implemented in sub-
basins 1, 2, 4, 5, 10, 24, 26 and 27. Also, nearly the same proportion
of porous gully plugs practice was implemented in the sub-basins.
The low cost solution visualized in Fig. 10a is solution 2. Vegetative
practices have lower costs than structural practices, so the cropping
practices are the only practices proposed for the vulnerable sub-
basins. The study results show that selection and placement of
conservation practices using NSGA-II and the SWAT model can be
done economically; this was emphasized by Chiang et al. (2014),
Chen et al. (2016), Pyo et al. (2017). Also, sub-basins with high soil
erosion or runoff were not necessarily the optimal sites for placing
conservation practices, because those sub-basins may not
contribute high levels of sediment yield and stream flow to the
main outlet.

In this study, due to limited access to a high processing system,
we ran the algorithm by 10, 20 and 100 number of generations; 100
generations give the best results with good spread of optimal so-
lutions. The results of studies byMaringanti et al. (2009), Rodriguez
et al. (2011), Ahmadi et al., (2013), Chen et al. (2015) revealed
increasing generations of a Pareto front could achieve better re-
sponses. So, more generation and sensitivity of NSGA-II algorithm
parameters are recommended for further studies. Representation
of conservation practices in the SWAT model was defined by
adjusting a few parameters. The selected parameters that were
changed in order to represent conservation practice are another
source of uncertainty in effectiveness of conservation practice;
because these limited parameters could not display the total impact
of practices and local conditions very well. Using site specific data
could improve the results (Yang & Best, 2015). Overall, the opti-
mization framework presented in this research is a suitable tool for
selecting cost effective conservation practices for effective water-
shed management. The methodology can be extended to other
watersheds for sediment and flood control. However, incorporating
new tools for representing actual impacts of SWCs, new criteria and
more efficient optimization techniques are recommended for
future research.
4. Conclusions

In this study, spatial optimization of soil and water conservation
was performed using the multi-objective algorithm NSGA-II and



Fig. 8. Pareto-optimal fronts for sediment yield, stream flow and total cost.

Fig. 9. Percent reduction of stream flow and sediment yield at different cost levels.
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soil and water assessment tool. The SWAT model was calibrated for
the years 1991e1997 for stream flow and 1991e1995 for sediment
yield and a validation period of 1998e2000 were considered using
sensitive parameters. Two categories of vegetative and structural
10
practices were explored. Because of the great power of NSGA-II in
solving multi objective problems, the SWAT-NSGA-II tool was
created through combining and integrating the SWAT model and
the multi-objective genetic algorithm NSGA-II. Pareto-optimal
front for stream flow, sediment yield and total cost showed a 6.8%
reduction in stream flow and an 11.5% reduction in sediment yield
is achievable by lowest cost. With the highest cost, the maximum
decrease is 10.1% for stream flow and 24.1% for sediment yield. Also
based on Pareto-optimal front, the amount of stream flow and
sediment yield reduction for median cost and highest cost are very
close. One of the advantages of the multi-objective genetic algo-
rithm method in this study is that there is more than one solution
for a decision maker that allows for a maximized effectiveness of
the conservation practices in proportion to the budget available.
The methodology also has some limitations. The methodology
developed in this study as compared to current methods like tar-
getingmethods, required longer computation time to obtain amore
spread of solutions because there is a dynamic link between the
algorithm and the SWAT model. In comparison with the prevalent
methods for placing conservation practices like targeting methods
and critical source area, NSGA optimization method requires high
computing system and more time for a larger population size to get



Fig. 10. Spatial distribution of optimal conservation practices for the lowest (a), median (b) and the highest cost(c) solutions.
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a wide range in solution space especially in case of large number
SWCs and HRUs.
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