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Abstract. Sustainable agriculture maximizes crop production with minimal use of resources, such as water and energy. Subsurface water retention technology (SWRT) uses an impermeable membrane in the soil to
hold more water for plants. Optimal production of crops requires not
only the optimal irrigation rate but also optimal shapes and placements
of SWRT. Furthermore, some uncertain factors, e.g. incoming solar energy, plant transpiration rate temperature, climatic conditions, and genetics of crops are also important in crop production, thereby making the
optimization process complicated. In this paper, we propose a computationally fast approach that utilizes HYDRUS-2D software for water flow
simulation and DSSAT crop simulation software with an evolutionary
multi-objective optimization (EMO) procedure in a coordinated manner to minimize water utilization and maximize crop production. Our
method simulates SWRT in HYDRUS-2D software and calibrates and
validates DSSAT model parameters according to the HYDRUS-2D simulation. Then it finds the best irrigation schedules to produce maximum
crop production and water use efficiency by DSSAT. Our results show
that HYDRUS-DSSAT calibration produces less than 5% validation error
and the optimization procedure introduces 99% water use efficiency with
the help of rainfall water and as much as 6 times increase of corn production compared to a non-optimized, random irrigation schedule without
any SWRT membrane.

Keywords: Precision Irrigation · HYDRUS-2D · DSSAT · Optimization · Crop
· Water Use Efficiency · Subsurface Water Retention Technology
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Introduction

Sustainable technologies for crop production by using minimal water and energy
have become very essential in today’s world. Water is vital for irrigation of crops
but water is also scarce and today’s food and biomass producers are obligated to
use judicial consumption of water for irrigation. In order to have a sustainable
crop production system, we need to use minimal water yet holding most of them
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in the soil for plant growth. Sandy soil has much less holding capacity and large
water permeability. Traditional approach using asphalt barrier has proved to
be efficient and is widely accepted for sandy soil [4, 15]. Being costly and labor
intensive, new polyethylene membranes are also used. The proper membrane
design and installation depth in specific soil and weather condition has been
studied in [4] using two-dimensional modeling of water flow using HYDRUS-2D
software [14] in partially sandy soils. They have investigated a profile distribution
of water in an irrigated sand lysimeter with installed SWRT membranes at
different depths. Based on their experiments, it is evident that HYDRUS-2D
model with membrane geometry can produce the same water content (after
calibration) as in practice with a considerable accuracy.
Water content simulation, nutrient flow modeling or crop yield prediction
often need well-developed software [5,7,8]. In a previous study [15], an integrated
model of water-flow and nutrient transport simulation using HYDRUS-2D was
combined with an evolutionary multi-objective optimization (EMO) algorithm
to obtain optimal membrane geometry and placement in soil profile along with
prescriptive irrigation scheduling under two conflicting objectives.
Although HYDRUS-2D can predict the water and nutrient accumulation at
the root zone of a plant, it cannot simulate the crop growth, which is a direct measurable outcome of the irrigation process. Besides a continuous supply of water
at the root level either through an optimal irrigation pattern or through rainfall, the growth of crop and eventual crop yield depend on many other factors,
such as incoming solar energy, plant transpiration rate, temperature, climatic
conditions, type of crop, etc. Thus it is necessary to take help of another computational simulator that can explicitly provide an estimate of crop yield for given
soil-water mix, nutrient content, and other parameters in a time-series manner.
For this study, we use DSSAT (Decision Support System for Agrotechnology
Transfer), a widely accepted tool for agronomists [6].
The main contribution of this paper is as follows. We propose an integrated
methodology to find daily irrigation schedules that optimize crop production
while using minimum water using an evolutionary multi-objective optimization
methodology. Our results show that, we can achieve best corn production with
99% water use efficiency in sandy soil with the help of SWRT technology.

2

Two Simulation Software: HYDRUS-2D and DSSAT

Here we briefly introduce two software systems used in this study: HYDRUS
and DSSAT. HYDRUS-2D/3D software was developed to simulate two and
three-dimensional movement of water, heat, and multiple solutes by solving
Richards Equation for saturated-unsaturated water flow, and the Fickian-based
convection-dispersion equation for heat and solute transport [14]. HYDRUS2D/3D uses van Genuchten (1980)’s model [16] (along with other recent models)
to produce soil-water content, which is a unit-less volumetric ratio of amount of
water, and other contents in the soil.
Fig. 2 shows a 2D mesh design of SWRT membrane with water content
values (after irrigation) on the right. We observe that much of the water is
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contained inside the membrane just after irrigation. Since HYDRUS-2D cannot
model crop growth involving plant genetics, root growth, transpiration and other
complicated processes we use a crop simulation software called DSSAT (Decision Support System for Agrotechnology Transfer) that simulates growth and
development of plants over time in an onedimensional arrangement with its own soilwater, carbon, and nutrient processes. The
software is capable of simulating integrated
crop models, namely, maize, wheat, barley, etc. and calculate yield at the end of
crop growing period. A tipping bucket model
[6] is used to produce soil-water content
in a one dimensional space (only depth).
The model used by DSSAT, namely, tipping
bucket model, is computationally more ef- Hydrus-2D
Water contents after irficient compare to van Genuchten’s model mesh
rigation
used in HYDRUS-2D. The key parameters
for DSSAT is the wilting point (SLLL) Fig. 2: (a) A 2D mesh created in
(lower limit), saturation (SSAT ), and field HYDRUS-2D software where two
capacity (drained upper limit SDU L). In the impermeable membrane (AR ratio
simplified equation of HYDRUS’s model, soil 2:1) are placed in 30 and 45 cm
water retention (θ(h), where h is pressure depth. (b) Water content is shown
head) depends on residual and saturated wa- on the membrane after irrigation.
ter content (θr and θs ) and saturated hydraulic conductivity (Ks ).

3

Calibration of Simulation Models

Calibration of two models has one single purpose, namely, the adjusted parameters of DSSAT should produce the same water content as HYDRUS-2D simulating water flow under SWRT membranes. Water holding capacity is different
for different types of soils and this can be controlled by changing the parameter
values of DSSAT. Our assumption is that we can simulate the effect of SWRT
membrane by only changing the soil parameters of DSSAT. Because of the installation of SWRT, the water content would be different at different depths.
Therefore, we divide the soil domain (overall 120 cm depth) into ten asymmetric layers. Layers are L={0-8, 8–13, 13–18, 18–23, 23–28, 28–33, 33–38, 38–43,
43–48, 48–120} cm depth and label them as layer 1 to layer 10. In HYDRUS-2D,
we create a 2D mesh with 30 cm width and 120 cm depth. Our calibration objective becomes minimizing mean squared error of between water contents (θ)
of HYDRUS-2D and DSSAT over crop growing season d for different irrigation
pattern S.
d

j
j
Min F (l) = ∑ ∑ ∣θHY
DRU S (l, s) − θDSSAT (l, s)∣

∀l∈L,

s∈S j=1

subject to, fixed soil evaporation rate.

(1)
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j
j
Here, θDSSAT
(l, s) and θHY
DRU S (l, s) are the average water contents of DSSAT
and HYDRUS-2D simulators, respectively, for the corresponding layer l and
irrigation pattern s ∈ S and we optimize for d = 110 simulation days. Note that,
criteria other than absolute error, namely, MSE and Nash-Sutcliffe efficiency
index (NSE [9]) can also be used in this regard. We have used exhaustive search
for finding the best parameters for this calibration.

4

Optimization of Water Use Efficiency and Crop Yield

As mentioned before, our goal of this study to maximize crop yield using the
minimum amount of water. For this study, we have collected five years (20112015) of weather data from nearby weather station in East Lansing (MSUHort),
Michigan. We optimize average crop yield in these five years, some of which
are hugely dry and others are wet. In this study, we have selected a particular
type of corn DECALB XL71, a popular crop produced in north America. Inside
DSSAT, we turn off the effect of nutrients and study the effect of water on crop
growth alone. Irrigation schedule starts just after plantation and crop is assumed
to be harvested at maturity. Before we discuss our optimization procedure, we
highlight a previous study by the authors of [15], which considered the effect of
water retention through SWRT membranes simulated by HYDRUS-2D software.

Optimization Procedure
Provide optimized DSSAT params

Generate Training and Test Cases
of Irrigation Pattern and Weather

Initialize schedule,
and evaluate

Create New Schedules
using genetic operators

Optimize parameters on training set

Run DSSAT in parallel

Survival selection using
Crop Yield & WUE

Hydrus-2D

DSSAT

NO
Terminate

Calibration Procedure

YES

Output

WUE

Generate Water content

YIELD

Fig. 3: Overall procedure for finding best crop production and water use efficiency is
provided in a schematic diagram.

4.1

A Computationally Fast Approach

A previous study [15] considered two objectives related to water retention and
utilization at the root system: 1) water use efficiency (WEF) and 2) root uptake
efficiency (REF) by using HYDRUS-2D software for different aspect ratios of
SWRT membranes. Each evaluation of a solution by HYDRUS-2D took about
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1.5 to 2 minutes of computational time on a high-performance desktop computer
requiring 1.5 days for on complete optimization run. To speed up the process,
we procure a high performance server machine having an Intel Xeon E5-2697
v3 processor with 28 node and 56 available threads for this study. NSGA-II
optimization procedure [2] with faster non-dominated sorting method [11, 13]
is used to handle two water retention related objectives – WUE and RUE, as
discussed in the previous work. For our initial simulations here, we have used
a population size of 32, maximum number of high-fidelity evaluations of 4, 000
(a four-time increase from the prior study) with other parameters similar to
previous study. , Figure 5(a) shows the computational speed-up obtained by
increasing the number of threads in our multi-core computer. Beyond 30 threads,
the overhead of inter-thread communications increase and the marginal rate of
time saving diminishes. Figure 5(b) and (c) shows the trade-off solutions obtained
for four aspect ratios by executing the entire optimization run from the prior
study [15] with (a) a single thread (b) 32 threads. For each aspect ratio set-up
of the SWRT membrane, we perform an independent run and the final trade-off
objective vectors (WUE and RUE) are shown in the same figure.
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Fig. 5: (a) Speed up using 28 cores, (b) A single processor result and (c) 28-processor
result of root uptake efficiency and water use efficiency with different aspect ratios.

4.2

Optimization of Crop Production and Water Use

In this paper, we redefine water use efficiencty (WUE) to be the ratio between
plant transpiration and total input. Total input consists of irrigation and precipitation. Our second objective (crop production) is readily obtained from the
DSSAT software after running a simulation on a particular irrigation schedule.
The unit of this objective is kg per hectare. We take an average over 5 years of
production to compute the objective function. Irrigation schedule contains starting date of irrigation, day and amount of irrigation in the crop growing season.
We declare the daily irrigation amount as a variable and this makes the number
of variables same as the number of days (110 used in this study). To constraint
the irrigation pattern to be practical, we limit each irrigation amount to be less
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than or equal to 50 mm and the gap between two consecutive irrigation should
not be more than 10 days. In our formulation, for each 10 day interval, we have
a variable that tells us the amount of daily irrigation for those days. Thus, there
will be a total of 11 variables for the entire 110-day simulation period. This
formulation allows uncertainties of precipitation to be included in the study by
averaging the rain-fall in every 10 consecutive days. Apart from this formulation,
we have also performed experiments by defining 110 variables (one for each day)
and two variables (irrigation rate and interval between two irrigation). We use
a derivative-free global optimization method: NSGA-II [3], since it was used in
previous studies [15]. Population size is kept 128 and the number of generations
is fixed at 2,000. We have used similar parameters as before (Section 4.1) for
SBX recombination and polynomial mutation operators. We ran our algorithm
in server machine with 32 threads in parallel. This optimization is run on the
soil parameters optimized for each design aspect ratio of SWRT.

5

Experimental Results

In this section, we summarize our results. First, we present calibration-validation
results of the HYDRUS-2D and DSSAT coordination, and then present the results from the overall optimization procedure.
5.1 Calibration and Validation Results
We divide the irrigation schedule data into training and test sets. In each case,
DSSAT and HYDRUS is run for 110 days and a sum of absolute error is measured.
– Training Data: Irrigation rate of 5, 5, 20, 1, 50, 5 and 10 mm for every 5,
5, 20, 1, 50, 5 and 10 days, respectively.
– Test or Validation Data: Irrigation rate of 2, 5, 7, 2, 10 and 1 mm for
every 5, 30, 40, 10, 30 and 40 days, respectively.
In Figure 7, we show the comparison of volumetric water content between HYDRUS and DSSAT softwares under the same irrigation and soil evaporation rate
after the training is completed. The results show that the water content dynamics
of DSSAT closely match to that obtained with HYDRUS. This suggests that we
can use the obtained parameter settings of DSSAT with confidence. For six of our
test cases, we get an average RMSE (Root mean squared error) of water content
per layer of 10 layers to be {0.14, 0.14, 0.15, 0.14, 0.11, 0.07, 0.06, 0.11, 0.11, 0.12}
and standard deviation of average RMSE is {0.05, 0.04, 0.07, 0.06, 0.03, 0.02, 0.01,
0.03, 0.03, 0.04}, respectively for total 110 days. The average RMSE is only about
5% per day of the volumetric water content values.
In Figure 9, we show cumulative water fluxes from HYDRUS and DSSAT. We
show fluxes for infiltration (total input), run-off, drainage, and soil evaporation.
In each test case, we observe that water fluxes of DSSAT effectively match with
that obtained by HYDRUS-2D, wherever SWRT membrane is present.
The above validation procedure between HYDRUS-2D and DSSAT has also
provided us with optimized parameter values for DSSAT parameters for each
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Fig. 7: Comparison of VWC (Volumetric water content) between DSSAT and
HYDRUS-2D (with 2:1 AR design) for validation case.
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Fig. 9: Cumulative fluxes from DSSAT and HYDRUS for three different validation
irrigation schedules.

aspect ratio of the SWRT membrane. These optimized DSSAT parameters have
matched volumetric and cumulative water flux values obtained by the HYDRUS2D software with SWRT membrane embedded in the soil. Now, we are ready
to use the DSSAT software with the obtained optimized parameter to simulate
the crop growth (which HYDRUS-2D can not do!) and perform our overall biobjective optimization study.
5.2

Bi-Objective Optimization Results

After we find the parameters of DSSAT model that simulate SWRT, we now run
NSGA-II algorithm using the optimized parameters to find the best irrigation
schedule for two objectives: (i) maximize WUE, and (ii) Maximize crop yield.
We summarize the results of different case studies below.
Case Study I: In this study, we have defined two variables- amount of irrigation
and irrigation interval. In optimized irrigation schedule, we observe that we need
almost 1 to 4 mm water everyday that optimizes both WUE and crop yield. But
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the amount of crop yield that we get is not more than 9 MT/hectare (MT =
Metric Ton).

Table 1: Comparison between potential yield from DSSAT and optimized yield from
our bi-objective methodology.

Year
2011 2012 2013 2014 2015
Potential Yield (kg/ha) 11,324 13,059 11,929 10,837 10,300
Actual Yield (kg/ha) 11,315 12,976 11,041 10,767 10,292

Case Study II: We formulate our problem with 110 variables i.e. amount of
irrigation each of 110 days. But with the limited number of allowed function
evaluations, we fail to get any specific pattern of irrigation by the optimization
algorithm. Produced crop yield is also less than 7 MT/hectare, which is not adequate. Thus, we conclude that this case study is not effective for our optimization
algorithm with a limited computational budget.
Case Study III: As mentioned before, here, the irrigation rate is kept identical
for 10 consecutive days of simulation thus having 11 variables. Since the number
of variables are reasonably low, the optimization algorithm is able to produce a
well-distributed set of Pareto-optimal solutions trading-off WUE and crop yield
objectives. We investigate the nature of trade-off solutions below. Potential and
actual yield (MT/hectare) is given in Table 1.
Optimization without SWRT: To compare, we create a similar project
in HYDRUS-2D with same domain size (30 cm x 120 cm) and same coarse
sand soil but without any impermeable SWRT membrane. We then optimize
soil parameters of DSSAT so that it matches water contents of HYDRUS-2D
simulation to imitate properties of that soil. After that, we optimize WUE and
crop production using NSGA-II with the optimized parameters. In Figure 11(a)
and (e), we present the obtained non-dominated front without SWRT. It can be
observed that at most 2MT/ha corn is possible to be grown on average, while
gaining as much as 25% in WUE. Since water conductivity is very high in sandy
soil, it is expected that we obtain much less corn production in dry years.
Optimization with SWRT: In Figure 11(b)-(e), the non-dominated fronts
are shown. From the figures it is clear that, even the dominated solutions of this
case are much better than the non-dominated solutions obtained without SWRT.
This is because SWRT retains more water, thereby helping plant growth at their
crucial stages. We repeat this experiment with 2:1, 3:1 and 4:1 AR design. There
is a slight variation of non-dominated fronts obtained from these three different
SWRT configurations. It is observed that 2:1 AR design is able to retain much
water in the soil compared to other designs.
We also observe that one of the obtained non-dominated solutions produces
99% water use efficiency on average over the years 2011-2015. The crop yield is
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Fig. 11: Obtained non-dominated solutions are shown after completion of whole optimization process. Fig.(a) is performed without SWRT and (b), (c) and (d) are for
AR design 2:1, 3:1 and 4:1, respectively. Comparison among non-dominated fronts are
shown in (e). Daily irrigation pattern for a solution (2:1 AR design) that optimizes the
crop yield is shown in (f).

also as high as 12,630 kg/ha. Irrespective of AR in the membrane design, a small
amount of daily water is needed initially. Amount of water varies significantly
when crop becomes more mature. We can divide the entire non-dominated front
into three parts. The first part produces 99% WUE in which the amount of daily
irrigation is limited by 7 to 8 mm. In the second part (middle), we obtain better
crop yield by increasing the irrigation rate to 15 to 25 mm over the vegetation
period. In the last part (after around 40-50 days), we need to increase the water
supply to around 40 to 50 mm per day. When the crop reaches maturity, the
harvest time begins and we need less amount of water, as depicted in Figure 11(f).
Interestingly, in Figures 13(a) and(b), we show (from DSSAT software) the
leaf weight difference between SWRT and SWRT-less irrigation results for particular weather conditions (year 2011-2015). It is evident that plants without
SWRT do not grow much due to lack of water containment at their root system.
In Figure 15(a) and (b), we also see the root density information of plants with
or without SWRT for a particular weather condition (year 2011). Plants have
more roots in the soil and transpiration also becomes high when they get much
water. The irrigation pattern for best crop yield from the previous figure also
matches that with the leaf weight, root density, and transpiration pattern of
healthy plants. These patterns confirm the validity of our simulation set-up and
procedure adopted in linking both HYDRUS-2D and DSSAT softwares.
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Analysis of Bi-Objective Optimization Results Table 1, discussed before,
shows the potential and actual yields produced by DSSAT software. The potential yield is the maximum possible yield under standardized parameter settings
(with SWRT 2:1 AR design) which is taken care by DSSAT internally. On the
other hand, the actual yield is obtained by finding the best irrigation schedules
using our proposed optimization procedure (same SWRT). The results show
that, we can achieve maximum possible yield just by providing perfect irrigation
schedule. We observe that in two years (2011 and 2012), the crop yield produced
by our optimization procedure is 99% to that of the potential yield. In other
three years, we have achieved a better yield than that of the potential yields
provided by DSSAT itself. We present the total time savings by our proposed
methodology in Table 2.

Table 2: Time Savings in HYDRUS-2D and DSSAT due to parallel evaluation of solutions.
Method/
Initial Study
Calibration Process EMO-HYDRUS
Time
(HYDRUS)
(HYDRUS-DSSAT)
-DSSAT
1 Processor (Estimated) 6,000 min (100 hr) 416.67 min (6.94 hr)
177.78 hr
32 Threads
125 min (2.08 hr)
13 min
5.56 hr

Simulation Optimization Precision Irrigation

6

11

Conclusions and Future Work

In this paper, we have proposed a computational approach to find an optimum
irrigation schedule that not only minimizes water usage but also maximizes crop
production. In order to simulate soil water movement under embedded SWRT
membranes, we have used HYDRUS-2D simulation software in a two-dimensional
setting and DSSAT software for predicting the crop yield. Between the two
softwares, HYDRUS-2D simulation is exceedingly more time consuming, hence
we have developed a computationally fast parallel procedure to interlink the
two softwares so that both conflicting criteria can be optimized in a reasonable
computational time.
We have proposed a new calibration-validation methodology to run our optimization method using computationally quick DSSAT software yet taking the
advantage of HYDRUS-2D software’s SWRT analysis capability. The optimization is carried out over different weather conditions to predict the amount of
crop production. Our method not only reduces computational effort by multithreaded implementation of solution evaluations, but also greatly cuts down the
human effort of optimizing parameters by introducing an EMO algorithm in the
precision irrigation field. The results presented here clearly indicates the promise
of our proposed approach and it should facilitate further research in predicting
yield of different crops at different soils with a suitable effect of a SWRT.
The study also spurs a number of future research directions. In addition to
crop yield and water usage, fertilizer usage can also be considered for minimizing
ground water contamination due to deep perlocation of fertilizers and pesticides
by simulating nutrient flow and accumulation under SWRT using the two software in a similar linking procedure. To make the overall procedure more pragmatic, a three-dimensional water and nutrient flows may be considered. Given
the expensive nature of HYDRUS-2D/3D based optimization, use of metamodel
based optimization [1, 10, 12] can also be considered in future.
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