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A few management tools can simultaneously describe dissolved and particulate P losses from agricultural fields.
In this study a phosphorus (P) management tool was developed based on most recent scientific findings to meet
this need, and it was subsequently incorporated into Root Zone Water Quality Model 2 (RZWQM2) to take
advantage of its featured hydrologic and agricultural management subroutines. The RZWQM2-P model was
evaluated against data collected in a tile-drained corn-soybean rotated field fertilized with inorganic P at South
Woodslee, Ontario. The results indicate that overall the model satisfactorily simulated dissolved reactive P and
particulate P losses through surface runoff and tile drainage with Nash-Sutcliffe model efficiency coefficient > 0.65, percent bias within 25% and index of agreement > 0.75. RZWQM2-P is a promising tool for P
management, particularly for subsurface-drained fields. Further testing is needed to assess its performance under
different fertilization (manure), soil, climate, and cropping conditions.

1. Introduction
Agriculture phosphorus (P) demand accounts for 80%–90% of
global phosphorus consumption. The supply of P is heavily dependent
on mined rock phosphate, a non-renewable resource becoming increasingly scarce and expensive day by day. In plants, phosphorus plays
a role in cellular energy transfer, respiration, and photosynthesis; and is
a structural component of the nucleic acids of genes and chromosomes,
as well as many coenzymes, phosphoproteins and phospholipids (Grant
et al., 2001). While proper crop growth and the maintenance of high
yields are critical to agricultural production, crop P use efficiency in the
year of application is rather low (15–30%; Syers et al., 2008). The
build-up of legacy P in soils under long-term application has increasingly caused P losses from soil to surface waters. Such P losses from
agricultural fields via water and sediment have become a serious environmental concern, degrading the quality of water in fresh water
bodies (e.g., lakes and rivers), as well as brackish sea waters (e.g. sea
coast rivers outlets), by causing a rapid increase in algal populations
leading to eutrophication (Guildford and Hecky, 2000). Such algae
infested water is resulting in adverse ecological conditions for aquatic
flora and fauna. It is now an established fact that excessive P loading of

fresh water bodies and coastal sea areas can be confidently attributed to
an over application of fertilizer in upstream agricultural fields. It is
estimated that 80% of the P pollution reaching Lake Champlain's Missisquoi Bay originated in upstream agricultural lands (Hegman et al.,
1999). In Quebec alone, some 156 lakes were already deemed polluted
by P (MSSS, 2007).
As removal of excess P from water by chemical (Surampalli et al.,
1995) or biological (Oehmen et al., 2007) means is complex, expensive
and time consuming, remediation of eutrophication in rivers and lakes
is difficult. One practical option to mitigate this problem is to arrest P
loss right at the source by adopting proper agricultural management
practices. To control P loss from an agricultural field one must understand the P dynamics of an agricultural field. Kleinman et al. (2015)
indicated that computer modelling drawing on measured P data was a
currently priority in achieving this goal. Of available agricultural P
management models, ICECREAM (Tattari et al., 2001) seems to be the
best at simulating P losses through tile drains (Radcliffe et al., 2015).
However, in the absence of a water table-based tile drainage component, ICECREAM uses matrix and macropore flow flux at a certain soil
depth to mimic tile drainage (Qi and Qi, 2016; Radcliffe et al., 2015).
ICECREAM adopts simple storage routing concepts to simulate matrix

∗
Corresponding author. Department of Bioresource Engineering, Macdonald Campus, McGill University, 1-024 Macdonald-Steward Hall, Sainte-Anne-de-Bellevue,
QC, H9X 3V9, Canada.
E-mail address: zhiming.qi@mcgill.ca (Z. Qi).

https://doi.org/10.1016/j.envsoft.2018.12.007
Received 4 May 2018; Received in revised form 10 December 2018; Accepted 18 December 2018
Available online 19 December 2018
1364-8152/ © 2018 Elsevier Ltd. All rights reserved.

Environmental Modelling and Software 113 (2019) 48–58

D. Sadhukhan et al.

Abbreviations List:
P
frsh
P org
stbl
P org
P stbl
inorg
P act
inorg
Plab
man H2Oex
P inorg
man H2Oex
P org
man stbl
P inorg
man stbl
P org
fert
Pav
fert
Pres

Pdr
Ppart
Pudr
fert
P
man
P
Ptot
Psum

PBIAS
Percent bias
NSE
Nash-Sutcliffe model efficiency
IOA
Index of agreement
GH
Grain harvested
OB
Observed
SIM
Simulated
ET
Evapotranspiration
ΔS
Soil water change
RZWQM2 Root Zone Water Quality Model version 2
RZWQM2-P Root Zone Water Quality Model version 2-Phosphorus
Pb
Air entry pressure
λ
Pore size index
k sat
Saturated hydraulic conductivity
klat
Lateral hydraulic conductivity
ρ
Soil bulk density
OM
Soil organic matter content
θfc
Volumetric soil moisture content at field capacity
φ
Soil porosity
θwp
Volumetric soil moisture content at permanent wilting
point
pH
Soil pH

Phosphorus
Fresh organic P
Stable organic P
Stable inorganic P
Active inorganic P
Labile P pool
Manure water extractable inorganic P
Manure water extractable organic P
Manure stable inorganic P
Manure stable organic P
Available fertilizer P
Residual fertilizer P
Dissolved reactive P
Particulate P
Dissolved unreactive P
Fertilizer P
Manure P
Soil total P
Sum of Pdr , Ppart

flow within the soil profile. This can be improved by adopting the soilmatric-potential-based Richards equation (Richards, 1931) to simulate
matrix flow and Hooghoudt's equation (Bouwer and Van Schilfgaarde,
1963) to simulate tile drainage. With no separate P pool to simulate
manure and fertilizer P dynamics, ICECREAM assumes that manure or
fertilizer P are mixed with the soil upon application.
Modelling P in an agricultural field involves modelling of hydrological processes on and below the ground surface and the effects of
agricultural management practices. A P model needs to simulate both
surface hydrological processes (e.g., soil evaporation, plant transpiration, runoff, and soil erosion), and subsurface hydrological processes
(e.g., infiltration, matrix flow, preferential flow or macropore flow, flow
to tile drainage, fluctuation of water tables, root water and nutrient
uptake, and soil moisture redistribution). Agricultural management
practices such as surface irrigation and sub-irrigation, drainage, fertilization, tillage and residue management, and crop rotation influence
the fate and transport of P. The success of a P model greatly depends on
how effectively and efficiently the model captures these hydrological

processes and how these processes are parameterized within the model.
RZWQM2 (Ahuja et al., 2000), a widely tested field-scale process-based
model, is an ideal option as a base of a P model, because it is equipped
with subroutines to simulate all the hydrological processes and agricultural management practices mentioned above. It has been extensively evaluated at locations across the United States (Fang et al.,
2014; Gillette et al., 2018; Hanson et al., 1999; Ma et al., 2004, 2007a,
2007b; Malone et al., 2014; Qi et al., 2011, 2013; Thorp et al., 2008;
Wang et al., 2015) and in Canada (Ahmed et al., 2007a, 2007b; Al-Abed
et al., 1997; Madani et al., 2002; Jiang et al., 2018). Nonetheless,
current P models lack the capacity to adequately simulate P losses,
particularly those occurring through tile drainage (Radcliffe et al.,
2015). In this study an attempt was made to develop a model based on
most recent scientific finding regarding the fate and transport of P from
an agricultural field available in the literature, and to test this new P
management tool against measured hydrologic and P data in a tiledrained cropland.

Fig. 1. RZWQM2-P Model's P pools.
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with the P stbl
inorg pool. The rapid adsorption and desorption of inorganic P
in the soil between Plab and P act
inorg is simulated based on Jones et al.
(1984), with advanced dynamic absorption and desorption as prescribed by Vadas et al. (2006). This modification enables the model to
simulate P movement among these pools by using a dynamically
changing rate factor rather than a constant rate factor. The slow adsorption and desorption of inorganic P in the soil between P act
inorg and
is
simulated
based
on
Jones
et
al.
(1984).
After
decomposition,
P
P stbl
inorg
frsh
from plant residues and soil humus are added to the P org
pool and the
frsh
P stbl
org pool, respectively. Mineralization happens from P org pool and
stbl
mineralized P is added to the Plab and the P org pools. A slow mineralization also follows in the P stbl
org pool and mineralized P is added to the
Plab pool. Immobilization happens in the Plab pool and immobilized P is
frsh
added to the P org
pool. When fertilizer and/or manure is applied in the

2. Materials and methods
2.1. P model
The P model (Fig. 1) is designed with five different soil P pools:
three inorganic, namely labile P (Plab) active inorganic P (P act
inorg) and
stable inorganic P (P stbl
inorg ); and two organic pools namely fresh organic P
frsh
) and stable organic P pool (P stbl
pool (P org
org ) respectively following the
nomenclature of Jones et al. (1984). Besides these soil P pools, as an
advanced feature the model also has four surface manure P pools and
two surface fertilizer P pools to simulate P dynamics arising from the
application of fertilizer and manure (Vadas, 2014). The manure P pools
man
2 Oex
(manP ) are inorganic water extractable P ( P H
inorg ), inorganic stable P
man stbl
P inorg ),
man stbl
( P inorg ).

(

man H2Oex
P org ),

organic water extractable P (
The fertilizer P pools (

fert

and organic stable P

field the fertilizer and/or manure P is subsequently added to the fert P
and manP pools based on application depth, type and properties of
fertilizer and/or manure applied (Vadas, 2014). These independent
man
P and fert P pools enable the model to simulate more precisely the P
dynamics arising from the application of fertilizer and manure in an
agricultural field. Then the leaching and decomposition takes place
from these pools. Decomposed and leached P are added to the soil P
pools. The ability of the P model to simulate Pdr through tile flow is
improved by adopting the recommendations of Francesconi et al.
(2016) whereas the Ppart loss through tile drainage is simulated by
considering colloidal particle transport through macropore flow (Jarvis
et al., 1999; Larsson et al., 2007). In the model, the first soil layer is set
to a 0.01 m depth as the model assumes that particle bound P originates
from the first 0.01 m depth of the soil profile. All the P pools contribute
man H2Oex
man H2Oex
P inorg pools and all
P org and
to Ppart loss whereas the Plab pool,

P ) were available fertilizer P (fert Pav )

and residual fertilizer P (fert Pres ).
frsh
stbl
P org
, fresh organic P; P stbl
org , stable organic P; P inorg , stable inorganic
P; P act
inorg , active inorganic P; Plab, labile P pool;

extractable inorganic P;

man H2Oex
P inorg ,

man H2Oex
P inorg ,

manure water

manure water extractable organic P;

man stbl
man stbl
P org , manure stable organic P;
P inorg , manure stable inorganic P;
fert
Pav , available fertilizer P; fert Pres , residual fertilizer P; Pdr ,dissolved
reactive P; Ppart , particulate P; fertP, fertilizer P; manP, manure P.

Among these P pools, the Plab pool is considered to be in dissolved
form and the most dynamic P pool. In addition, it is the only P pool
from which plants can uptake P. Plant root density is the highest near
the soil surface so plant P uptake in the upper portion of the soil profile
is more than that in deeper layers. This depth distribution of plant P
uptake is controlled by plant P uptake distribution parameter. The
governing equations of plant P uptake were adopted from Neitsch et al.
(2011). There is constant absorption and desorption happens among
these three inorganic P pools to maintain an equilibrium. The Plab pool
is in rapid equilibrium with the P act
inorg pool, which is in slow equilibrium

the fert P pools contribute to Pdr loss. To simulate Pdr and Ppart loss through
tile drainage the linear groundwater reservoir based approach, as suggested by Steenhuis et al. (1997), was used. In this approach Pdr is
generated through matrix flow and macropore flow, while Ppart is only

Fig. 2. RZWQM2-P model's working algorithms and its dependencies on RZWQM2.
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double layer Shuttleworth-Wallace model (Shuttleworth and Wallace,
1985).

Table 1
Crop and management practices at the Site.
Year

Date

Management practices

2008

08-Jun
18-Jun
5-Nov

Inorganic fertilizer
Maize planting
Maize harvest

2009

5-Mar
22-May
20-Oct
1-Nov

Chisel plow
Soybean planting
Soybean harvest
Chisel plow

2010

17-Jun
26-Jun
8-Nov
1-Dec

Inorganic fertilizer
Maize planting
Maize harvest
Chisel plow

2011

15-Jun
13-Dec
20-Dec

Soybean planting
Soybean harvest
Chisel plow

2012

20-May
22-May
25-May
05-Nov
20-Nov

Chisel plow
Inorganic fertilizer
Maize planting
Maize harvest
Chisel plow

2.3. P model and RZWQM2 integration
The P model described above was first developed then incorporated
into the RZWQM2 model. While the P model simulates P dynamics, the
RZWQM2 governs the physical, biological, chemical and hydrological
processes that influence the P simulation. The developed P model
combined with RZWQM2 performs as a single tool, the P model being
dependent on RZWQM2 for the simulation of crop growth, runoff,
drainage, soil moisture and its flux, soil temperature, sediment yield,
macropore flow, residue and soil humus decomposition and agriculture
management practices. All these components are simulated by
RZWQM2 within its original functionalities and then the P model uses
model outputs to simulate P dynamics and P loss through surface runoff
and tile drainage from an agricultural field. The P model's working
algorithms along with its dependencies on RZWQM2 are presented in
Fig. 2.
2.4. Field experiment
To evaluate the P model, observed runoff and drainage water flow,
as well as Pdr and Ppart mass in both runoff and tile drainage water were
collected from an Agriculture Agri-Food Canada (AAFC) experimental
site, the Hon. Eugene F. Whelan Research Farm, near South Woodslee,
ON (42.21N, 82.74W) from June 2008 to December 2012. The site was
comprised of 16 plots (67.1 m × 15.2 m) receiving different fertilizer
types and drainage system treatments. Among these, plot numbers 5
and 9, selected for the present study, received inorganic NPK fertilizer
applications and were subject to standard tile drainage (depth: 0.85 m,
spacing: 3.8 m) (Zhang et al., 2013). The crop was rotated between
maize (Zea mays L.) and soybean [Glycine max (L.) Merr.] in alternating
years. In 2008, 2010 and 2012 maize was planted at a density of 79,800
seeds ha−1, while in 2009 and 2011 soybean was planted at a at a
density of 486,700 seeds ha−1. The inorganic fertilizers
(114.5 kg P2O5 ha−1 (roughly 50 kg P ha−1), 200 kg N ha−1 from
NH 4 NO3 , and 100 kg K ha−1 from KCl) were surface-applied before
planting in the maize planting years. Chisel plow tillage was done each
year after harvest or in the following year before planting. The dates of
cropping and other crop management practices are presented in
Table 1. The P content in corn and soybean grain were measured after
harvest (between 20 October and 13 December) each year. Grain
samples were dried at 55 °C, ground and passed through a 1-mm sieve
and digested using a H2SO4-H2O2 procedure. Phosphorus concentrations in all of the filtrates and digests were determined using a QuikChem Flow Injection Auto-Analyzer (Lachat Instruments), employing
the ammonium molybdate ascorbic acid reduction method (Murphy
and Riley, 1962).
The soil type was clay loam and the measured soil properties for
plots 5 & 9 were averaged (Table 2) and used as the soil input data for

generated through macropore flow and is first to contribute to a
groundwater reservoir. Subsequently a daily mass balance is calculated,
then Pdr and Ppart is lost along with the tile drainage water from this
groundwater reservoir. All the equations used in the model are provided in the attached supplementary documents.
2.2. RZWQM2 overview
Developed by the USDA-ARS, the RZWQM2 model (Ahuja et al.,
2000) is a field scale, one-dimensional model which integrates physical,
biological, chemical and hydrological processes and simulates crop
growth, hydrologic cycle, fate and transport of nutrients and pesticides
under different agronomic management practices and climate patterns.
Within the RZWQM model soil water retention is described using the
Brooks-Corey equation (Brooks and Corey, 1964). The Green-Ampt
approach (Green and Ampt, 1911) is used to compute the infiltration.
The model employs the Richards equation (Richards, 1931) to simulate
soil water redistribution following infiltration in the soil profile. Tile
drainage flow is calculated by Hooghoudt's steady state equation
(Bouwer and Van Schilfgaarde, 1963) and the macropore flow is governed by the Poiseuille's law. The Simultaneous Heat and Water
(SHAW) model (Flerchinger, 1987) is linked to RZWQM to simulate ice
in soil, snow accumulation, snow melting, as well as soil freeze-thaw
cycles. The crop growth can be simulated either by embedded DSSAT
4.0 crop models (Jones et al., 2003) or a generic crop production model
(Hanson, 2000) whereas evapotranspiration is estimated using the
Table 2
Model input data for soil physical and chemical properties, average of Plots 5 & 9.
Soil Layer depth (m)

ρ (Mg m−3)

Clay (%)

Sand (%)

OM (%)

θfc (m3m−3)

Φ (m3 m−3)

θwp (m3
m−3)

pH

P lab (g kg−1)

−1
P frsh
org (g kg )

−1
Pstbl
org (g kg )

Ptot (g kg−1)

0.00–0.01
0.01–0.10
0.10–0.25
0.25–0.45
0.45–0.80
0.80–1.20

1.326
1.326
1.391
1.391
1.326
1.326

34.2
34.2
34.2
40.7
40.4
39.3

29.0
29.0
29.0
25.7
27.0
24.6

3.7
3.7
3.7
2.0
0.7
0.5

0.368
0.368
0.361
0.351
0.356
0.356

0.54
0.54
0.54
0.50
0.48
0.48

0.175
0.175
0.175
0.175
0.175
0.174

7.5
7.5
7.5
7.5
7.5
7.5

0.0230
0.0210
0.0210
0.0110
0.0055
0.0055

0.100
0.085
0.085
0.055
0.028
0.028

0.2303
0.2174
0.2174
0.1148
0.0580
0.0580

0.9045
0.9000
0.9000
0.6500
0.5000
0.4000

ρ, soil bulk density; Clay, soil clay content; Sand, Soil Sand Content; OM, Soil organic matter content; θfc, Volumetric soil moisture content at field capacity; φ, Soil
stbl
Porosity; θwp, Volumetric soil moisture content at permanent wilting point; pH, soil pH; Plab , Soil labile P, P frsh
org , Soil fresh organic P, P org , soil stable organic P; Ptot ,
Soil total P.
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the model. The soil profile was delineated into six layers. The soil
properties such as soil texture, field capacity (θfc), permanent wilting
point (θwp), and saturated hydraulic conductivity (k sat ) were measured
before the start of the experiment. Soil bulk density (ρ) and porosity (φ)
were measured in 2010 where as k sat was measured in the year 2008.
Prior to the onset of the experiment in 2008, soil P was measured using
the Olsen P method (Olsen et al., 1954). Volumetric soil moistures (θ)
for the soil layer ranging in depth between 0 and 0.08 m were measured
twice a week using a portable probe, while soil temperature (Tsoil) at
depth of 0.05 m was measured hourly from June to October for the
years 2010, 2011, and 2012, using sensors. Hourly Tsoil were averaged
to obtain daily mean Tsoil.
The required weather data (air temperature, precipitation, relative
humidity, solar radiation and wind speed) to run the model were collected for the period of 1st Jan. 2008 to 31st Dec. 2012 from the automated meteorological weather station located at the Whelan farm,
located less than 500 m from the experimental site. During the winter
(1st Oct. – 30th April of 2009, 2010 and 2011), rain gauge inaccuracies
for snowfall precipitation, led to data being obtained from Environment
Canada's Harrow Weather Station (Station ID 6133362, 42.030N, 82.90
0
W) located 16.6 km from the study field. In each experimental plot
there was a catch basin similar to a sewage sink at their downstream
end to collect the surface runoff. Surface runoff and tile drainage from
the experimental plot were directed to a central instrumentation
building via underground PVC pipes. In the instrumentation building,
the flow rate was measured automatically using electronic flowmeters
and recorded in a multi-channel data logger. Surface runoff and tile
drainage water samples were collected automatically using autosamplers (CALPSO, 2000S, Buhler Gmbh & Company). Surface and tile
water samples were collected continuously (year-round), proportionally
to flow volume, samples being taken for every 1000 L of flow during the
growing season and for every 3000 L of flow during the non-growing
seasons. After the collection the samples were analyzed in the laboratory for Pdr and total dissolved P (Ptd ) using an acidified ammonium
persulfate [(NH4)2S2O2] oxidation procedure (USEPA, 1983). Unfiltered water samples were analyzed for total P (Ptot ) using the sulfuric
acid-hydrogen peroxide digestion method (USEPA, 1983). The Ppart was
computed by the difference between Ptot and Ptd .

while the last seven periods (22 Dec 2010 to 09 Dec 2012, two years)
were used for validating the model. During the calibration process,
parameters related to soil moisture, soil temperature, surface runoff and
tile drainage were initially calibrated, as these processes control the P
loss from an agricultural field. Then the parameters related to P loss
through surface runoff and tile drainage were calibrated. The calibration was undertaken manually while changing the calibration parameters within the range as obtained from prior studies and available
literature, by a trial and error method following the protocol given by
Ma et al. (2011) and iterated several times until a good match with the
observed data was obtained. Three model evaluation statistics: NashSutcliffe efficiency (NSE), percent bias (PBIAS), and Index of agreement
(IOA) (Moriasi et al., 2007, 2015) served to evaluate the performance of
the model in simulating hydrology, soil moisture, soil temperature and
P loss through surface runoff and tile drainage. Model performance was
catergorised as very good, good, statisfatory and unsatifactory based on
the criterion of those model evaluation statistics as recommended by
Moriasi et al. (2007, 2015). The model is regarded to perform satisfactorily when NSE > 0.50 and good when NSE > 0.65. Model performance is deemed to be satisfactory when |PBIAS| is between 15%
and 25% for water flow and is between 40% and 70% for P and it is
deemed to be good when |PBIAS| is between 10% and 15% for water
flow and is between 25% and 40% for P (Moriasi et al., 2007). Model
performance is regarded as acceptable when IOA > 0.75 (Moriasi et al.,
2015).
In RZWQM2 model soil moisture content is parametrized with air
entry pressure (Pb) and pore size distribution index (λ). Initially the
values Pb and λ were set to the default values of these parameters according to soil texture as given by Ma et al. (2011) then subsequently
these values were adjusted to match the observed values. The value of λ
was found to be more sensitive than that of Pb in soil water simulations:
an increase in λ resulted in reduction in soil water content whereas an
increase of Pb led to increase of soil water content. Once the soil
moisture content was calibrated and a good fit with the observed value
was found, then calibration of runoff and tile drainage followed. To
calibrate runoff parameters such as saturated hydraulic conductivity
(k sat ), surface crust hydraulic conductivity (k crust ) and albedo were adjusted. In RZWQM2 runoff is simulated when the rainfall rate exceeds
the infiltration rate (Ma et al., 2012), so the top layer k sat and k crust
values were adjusted to obtain a good fit with the observed runoff.
Furthermore, the albedo was adjusted for simulation of evapotranspiration, which in turn affected surface runoff. For tile drainage
calibration, k sat , Pb and lateral hydraulic conductivity (klat ) were adjusted. Increasing k sat resulted in an increase in tile drainage, whereas
increasing Pb resulted in decrease in tile drainage. Moreover, klat had
very prominent influence in tile drainage simulation and it was adjusted
to 2 × k sat . In addition, Pb was slightly adjusted to better match tile
drainage without hampering the previous calibration for soil moisture.

2.5. Model calibration and validation
The RZWQM2 with this newly developed P model was run using the
four and a half years (June 2008–Dec 2012) of data collected from the
experimental site. There were some limitations on flow event separation during the flow data collection, so to ensure the precision of P loss
estimation, the collected data was aggregated into 19 different periods
(Table 3) and out of these the first twelve periods (01 June 2008 to 21
Dec 2010, two and half years) were used for calibrating the model,
Table 3
Periods of water flow and P measurement data for calibration and validation.
Period no.

Period

Period no.

Calibration
1
2
3
4
5
6
7
8
9
10
11
12

Period
Validation

1/Jun/2008–16/Jun/2008
17/Jun/2008–17/Jul/2008
18/Jul/2008–22/Oct/2008
23/Oct/2008–11Feb/2009
12/Feb/2009–27/Mar/2009
28/Mar/2009–26/May/2009
27/May/2009–16/Jul/2009
17/Jul/2009–23/Oct/2009
24/Oct/2009–20/Apr/2010
21/Apr/2010–11/Jun/2010
12/Jun/2010–5/Aug/2010
6/Aug/2010–21/Dec/2010

13
14
15
16
17
18
19

52

22/Dec/2010–23/Mar/2011
24/Mar/2011–22/Jun/2011
23/Jun/2011–7/Sep/2011
8/Sep/2011–7/Sep/2011
10/Nov/2011–22/Dec/2011
23/Dec/2011–12/May/2012
13/May/2012–09/Dec/2012
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The loss of Pdr through surface runoff was calibrated by adjusting the
soil P extraction coefficient while calibration of Pdr loss through tile
drainage depended on macroporosity, Pb and λ of the deeper soil layers.
In the model, macropore flow is initiated when the top soil layer becomes saturated and Pdr carried away through macropore flow depends
on the volume of macropore flow. Therefore, to control the Pdr loading
to the groundwater reservoir the macroporosity value was adjusted.
Finally, the Pb and λ of the deeper soil layers were slightly adjusted to
control the Pdr loading to groundwater reservoir by matrix flow without
altering the earlier results for tile drainage and soil moisture simulations. The Ppart loss through surface runoff was calibrated by adjusting
USLE soil loss coefficients (soil erodibility factor, cover and management factor, support practice factor) and Manning's N. These parameters control the sediment yield thereby controlling the Ppart loss
through surface runoff. Increasing soil erodibility increased the sediment yield, while increasing the Manning's N reduced it. Accordingly,
to obtain a good match of Ppart loss through surface runoff these two
parameters were carefully adjusted along with the cover and management factor and support practice factor. The Ppart loss through tile
drainage is controlled by parameters like soil replenishment rate coefficient, soil detachability coefficient, and soil filtration coefficient.
These parameters govern the colloidal particle loss to subsurface flow
hence limit the Ppart loss through tile drainage. The high soil filtration
coefficient leads to less colloidal particle loss whereas the increase of
soil detachability coefficient and soil replenishment rate coefficient
leads to more colloidal particle loss. So, these parameters were carefully
balanced over the calibration period to get a reasonable simulation with
respect to Ppart loss through tile drainage. Finally, to adjust the plant P
uptake from the Plab pool, the P uptake distribution parameter for each
crop was adjusted. Calibrated soil hydraulic parameters and their values are presented in Table 4 and all other calibrated parameters are
presented in Table 5.

3.3. Dissolved Reactive Phosphorus (Pdr ) loss
Simulated and observed Pdr loss through runoff and drainage for the
calibration and validation periods are presented in Fig. 5aand b and the
simulation statistics are summarized in Table 7. The simulation statistics show that the P model's simulation of Pdr loss through surface runoff
during the calibration period was in very good agreement with the
observed data (NSE > 0.75, PBIAS within ± 25% and IOA > 0.75)
whereas for tile drainage it was good (NSE > 0.65, PBIAS within ±
25% and IOA > 0.75). During the validation period, simulated Pdr loss
through runoff was satisfactory and simulated Pdr loss through tile
drainage was good (Table 7). Overall the P model could simulate the Pdr
loss through both surface runoff and tile drainage in very good agreement with the observed data (NSE > 0.75, PBIAS within ± 25% and
IOA > 0.75) and it was found that most of the Pdr (75.74% of total
simulated Pdr loss) was lost through the tile drainage system during the
simulation period (Table 9).
3.4. Particulate Phosphorus (Ppart) loss
Simulated Ppart loss through runoff and tile drainage agreed well
with the observed data. Simulation results and statistics are presented
in Fig. 5cand d and Table 7, respectively. Analysis of observed data
revealed that 68.07% of the net P loss (Pdr + Ppart ) was lost in the form
of Ppart and tile drainage contributed (63.47% of the total Ppart loss) more
Ppart loss than the surface runoff (Table 9). The model captured this well
and simulated 68.04% of the net P loss in the form of Ppart and simulated
tile drainage Ppart loss was 63.36% of the total Ppart loss. Overall, the
model's ability in simulating Ppart loss through surface runoff and subsurface drainage was very good and good respectively. (Fig. 5c and d
and Table 7).

3. Results

3.5. Sum of Pdr and Ppart (Psum ) loss

3.1. Soil moisture and soil temperature

The simulation results of the sum of Pdr and Ppart loss (Psum) through
surface runoff and tile drainage) and its statistics are presented in
Fig. 5e, f & g and Table 7 respectively. Observed data revealed that tile
drainage dominated the Psum loss composing 67.04% of total annual
Psum loss while the simulated Psum loss through tile drainage was 67.32%
of the total annual Psum loss. The simulation of Psum loss through surface
runoff was very good (NSE > 0.75, PBIAS within ± 25% and IOA >
0.75) while it was good during the validation period (NSE > 0.65,
PBIAS within ± 25% and IOA > 0.75). The simulation of Psum loss tile
drainage during the calibration and validation period was good and
very good respectively. Overall, the Psum loss simulations through both
surface runoff and tile drainage were very good (Table 7). The simulation of total Psum loss from the field, such as sum of Pdr in both runoff
and drainage and Ppart in both runoff and drainage for the entire simulation period was also very good (Fig. 5g and Table 7).

The time series of simulated and observed soil temperature (Tsoil) at
0.05 m depth and soil moisture (θ) between 0 and 0.08 m depths are
presented in Fig. 3. The simulation statistics are summarized in Table 6.
Model simulation of θ and Tsoil ware satisfactory with NSE of 0.64,
PBIAS of 0.30% and IOA of 0.89 and with NSE of 0.59, PBIAS of 13.08%
and IOA of 0.89 respectively.
3.2. Hydrology
Simulated vs. observed surface runoff and tile drainage are depicted
in Fig. 4a and b, respectively, and the accuracy statistics presented in
Table 7. For the calibration period, simulation in surface runoff was
very good and in tile flow was satisfactory based on the model evaluation criteria. During the calibration period, surface runoff was estimated with PBAIS of −12.47% and with NSE of 0.85 while drainage
was estimated with PBAIS of 12.46% and the NSE of 0.60. The simulated average annual runoff and tile drainage were 129.57 mm and
375.43 mm (Table 8), respectively. These values were very close to the
observed annual mean values. Overall, the model's performance was
very good in simulating runoff (NSE > 0.75, PBIAS within ± 10% and
IOA > 0.75) and good in simulating tile drainage (NSE > 0.65, PBIAS
within ± 10% and IOA > 0.75). The simulated vs. observed water
balance components are summarized in Table 8. During the four and a
half years of simulation, simulated average annual ET (449.73 mm) was
47.45% of the observed annual precipitation (947.71 mm). This was
similar to annual ET that was 45% of measured precipitation in the
same region (Tan et al., 2002). Between the simulated average annual
surface runoff and tile drainage, most (74.34%) of the water moved out
of the field through the tile drainage system.

Table 4
Calibrated soil hydraulic parameters.
Soil Layer depth (m)

0.00–0.01
0.01–0.10
0.10–0.25
0.25–0.45
0.45–0.80
0.80–1.20

Soil hydraulic parameters
Pb (mm)

λ

k sat (mm d−1)

klat (mm d−1)

−200.60
−290.31
−146.45
−121.78
−251.15
−351.72

0.16
0.15
0.20
0.19
0.15
0.14

0.60
0.84
1.32
1.32
0.41
0.41

1.20
1.68
2.64
2.64
0.84
0.84

Pb, Air entry pressure; λ, Pore size index; k sat , Saturated hydraulic conductivity;
klat , Lateral Hydraulic Conductivity.
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results of this study (Table 7) with those of Qi et al. (2017), we found
that the P model's capability was particularly improved in its simulation
of P loss through the tile drainage system. The model's simulation of P
loss particularly through tile drainage system improved after the proper
calibration of soil moisture. The adoption of Richards equation led to
better soil moisture and soil matrix flux simulations (Table 6). This had
a direct impact on P dynamics, as soil moisture governs the decomposition and mineralization rate and P flows among the various pools
and soil matrix flux determines the amount of P loading to the tile
drainage system. The use of Poiseuille's law resulted in better macropore flow simulations, which is one of the major pathways of Pdr and
Ppart loading to the tiles. Finally, the use of Hooghoudt's steady state
equation further improved tile drainage simulations and P loss through
tile drainage. Soil temperature also has an important role in simulation
of P dynamics in agricultural fields. An acceptable soil temperature
simulation (Table 6) led to good estimation of P flow rate among various P pools, decomposition and mineralization rates of residue and soil
organic matter.
Analysis of the observed data for both growing seasons (periods 2–3,
7–8, 11–12, 15–17, 19) and non-growing seasons (periods 1, 4–6, 9–10,
13–14) revealed that 75.71% of total drainage volume and 60.14% of
total runoff volume occurred in the non-growing seasons.
Consequently, the P loss during non-growing seasons was dominant.
During non-growing seasons, runoff carried away 56.24% of the total
runoff bound Pdr , whereas 64.47% of total tile drainage-bound Pdr loss
occurred during non-growing seasons. The same was observed for the
Ppart loss, with 64.97% of total runoff associated Ppart and 74.34% of total
drainage associated Ppart being lost during the non-growing seasons. Psum
loss in the non-growing seasons during the whole simulation years
comprised 68.19% of total Psum loss through surface and subsurface
water flow. The newly developed model satisfactorily simulated the fact
that the major flow and P loss from the field occurred during nongrowing seasons. For simulated discharge, 66.97% of total runoff and
67.91% of total drainage occurred in the non-growing seasons whereas
simulated Psum loss during non-growing seasons represented 65.76% of
the total Psum lost through surface and subsurface water flow. These
simulated results also corresponded well to the observations of King
et al. (2015), who found that the non-growing period “represents a
significant proportion of annual discharge and P loss”.
The developed RZWQM2-P model is easy to run with menu driven
graphical user interface. Although the data required to run the model
seems to be meticulous but it can be easily collected from many resources when in-situ measurement is not feasible. Weather data can be
obtained from online resources for free or with nominal charges.

Table 5
Calibrated parameters and their values.
Parameters

Calibrated
Values

Default (Range)

Surface k crust (mm h−1)
Albedo
Dry soil
Wet Soil
Crop at Maturity
Fresh Residue
Macroporosity (m3 m −3)
P extraction coefficient (−)
USLE Coefficients
Soil erodibility (ton ac−1)
Cover and management factor
Support practice factor
Manning's N
Soil filtration coefficient (m−1)
Soil detachability coefficient (gm J−1
mm−1)
Soil replenishment rate coefficient (gm
m−2 day−1)
P uptake distribution parameter
Corn
Soybean

0.50

0.01 (0.01–20)

0.50
0.65
0.55
0.85
0.03
0.35

0.20
0.30
0.70
0.22
–
1.00

(0.10–1.00)

0.25
0.85
0.85
0.02
0.002
0.90

0.02
0.50
0.50
0.01
0.00
0.40

(0.005–0.80)
(0.01–1.00)
(0.01–1.00)
(0.01–0.40)
(0.00–1.00)
(0.00–1.00)

0.10

0.20 (0.00–1.00)

10.00
10.00

1.00–15.00
1.00–15.00

(0.01–0.9)
(0.02–0.9)
(0.01–0.9)
(0.01–0.9)

4. Discussion
The field experiment showed that subsurface drainage was the
major pathway of P loss from the field, comprising 67.04% of total
annual average Psum loss. The annual average Psum loss through tile
drainage was dominated by Ppart , which accounted for 63.47% of total
annual average Psum loss through tile drainage (Table 9). In contrast, a
study conducted by Qi et al. (2017) with the ICECREAM model at the
same site reported that ICECREAM failed to simulate the Ppart loss
through tile drainage and that soil moisture content was also not simulated satisfactorily. They concluded that it could be improved by
adopting the soil matric potential-based Richards equation to simulate
soil matrix flow. Radcliffe et al. (2015) noted that, although ICECREAM
was one of the best P simulation models available to date, it lacked
macropore and tile drainage components. The newly developed P
model combined with RZWQM2 addressed all the concerns that were
previously highlighted. Qi et al. (2017) reported that ICECREAM simulated Pdr loss through tile drainage within 18% of observed values
and with NSE of 0.66 while it failed to simulate Ppart loss through tile
drainage (NSE < 0.0 and PBIAS 44%). While comparing the simulation
40
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Fig. 3. Comparison between simulated and observed (a, b, c) soil moisture (%) (0–0.08 m), (d, e, f) soil temperature (0C) (0.05 m).
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Table 6
Statistics for model performance in Soil Moisture and Soil Temperature simulation.
Statistics

PBIAS
NSE
IOA

Soil Moisture

Soil Temperature

Calibration

Validation

All Period

Calibration

Validation

All Period

1.63%
0.57
0.88

−1.67%
0.56
0.86

0.30%
0.64
0.89

12.67%
0.63
0.91

13.72%
0.52
0.88

13.08%
0.59
0.89

PBIAS, Percent bias, NSE, Nash-Sutcliffe model efficiency; IOA, Index of agreement.

manure application, which is a common practice in many areas of North
America.
In this present study we presented the development of RZWQM2-P
and its very first evaluation with a tile drained corn soybean rotated
field under inorganic P fertilization over a period of four and half years.
The evaluation resulted in satisfactory performance of the model over
the both calibration and validation periods. Although RZWQM2-P
seems to be a promising tool to manage agricultural P under the given
management practices, to be certain about the efficacy of the model
further tests are recommended at several other locations under different
fertilization (i.e. manure), soil, climate, and crop conditions for a longer
period with more observational data.
5. Conclusions
In this study, a model based P management tool was developed to
simulate the fate and transport of Pdr and Ppart from an agricultural field
based on most recent scientific findings while overcoming the limitations of the ICECREAM model as highlighted by previous researchers
(Qi et al., 2017; Radcliffe et al., 2015), and taking advantage of the
process-based agro-hydrologic model RZWQM2. The new P model incorporated into RZWQM2 combined the proven strengths in simulating
the impacts of agricultural management practices and hydrological
processes in an agricultural field with the ability to simulate P dynamics. The P model was evaluated against four and a half years of data
collected from a subsurface-drained corn-soybean rotated field with
clay loam soil in southwestern Ontario, Canada. The simulation results
showed that the newly developed model performed satisfactorily in
simulating the Pdr and Ppart losses through both surface runoff and
subsurface drainage with all periods Nash-Sutcliffe model efficiency
coefficient > 0.65, percent bias within 25% and index of agreement > 0.75. The P model's P loss simulating ability was improved
particularly through tile drainage by adopting Richards equation for
simulation of soil matrix flow, and Hooghoudt's equation for simulation
of tile drainage flow. The use of Poiseuille's law may have resulted in
better macropore flow simulations, which led to better simulations of
Ppart loading to the tile system. However, this needs further investigations. The simulation results were consistent with the observed trend
that the non-growing season dominated the P loss over growing seasons, tile drainage contributed more towards these losses, and Ppart was
the major form of P loss. The newly developed P module integrated
with RZWQM2 is a promising tool for P management, particularly for
subsurface-drained fields. Further tests are needed to evaluate this
model under different fertilization (manure), soil, climate, and crop
conditions.

Fig. 4. Comparison between simulated and observed (a) surface runoff (b)
subsurface drainage. Periods are the time periods as mentioned in Table 3.

Agricultural management data can be collected while interviewing the
farmer or the farm manager of the site. It can also be made available
from various factsheets as published time to time by various agricultural agencies. Soil data can be derived using basic county soil
survey information along with pedotransfer functions (Schaap et al.,
2001) or tables as provided by Ma et al. (2011) and Rawls et al. (1982).
Initial soil P values can be estimated while running the model for certain amount of years prior to start of actual simulation year with typical
agronomical management practices and cropping system of the site.
RZWQM2-P has in built database of crop phenology parameters for
most common crop cultivars. This database can be used to default the
crop phenology parameters.
Computer simulation models inevitably have some limitations because they are built on assumptions and simplified version of the very
complex real world phenomenon. In this context RZWQM2-P model is
limited to one dimensional and assuming soil as a homogeneous
medium. The model is not designed to simulate dissolved unreactive P
(Pudr) loss. It also assumes that Ppart originates from the first 0.01 m soil
layer and only the macropore flow contribute to tile drainage bound
Ppart loss. Another shortcoming of RZWQM2-P is that it is a field scale
model, which cannot be applied over large-scale watershed. Despite
these limitations and assumptions, RZWQM2-P can be used in a wide
range of scenarios to mitigate P pollution under various agricultural
management practices along with different cropping systems that are
commonly adopted in North America. Agricultural management practices include tile drainage, control drainage with or without sub-irrigation, various type of tillage application, surface, sub-surface and injected inorganic fertilizer/manure application. Manure type includes
poultry, swine, beef cattle and dairy cattle under solid and liquid
phases. RZWQM2-P can also be applied to identify the impact of winter

Software availability
1. Name of the Software: Root Zone Water Quality Model 2Phosphorus (RZWQM2-P)
2. Developer Details: Debasis Sadhukhan and Zhiming Qi,
Department of Bioresource Engineering, Macdonald Campus, McGill
University, Sainte-Anne-de-Bellevue, QC, Canada, H9X 3V9. Email:
debasis.sadhukhan@mail.mcgill.ca; zhiming.qi@mcgill.ca.
3. Year First Available: 2018
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Table 7
Statistics for model performance in simulation of water, dissolved reactive phosphorus(Pdr), particulate phosphorus (Ppart) and sum of Pdr & Ppart (Psum).
Water
Statistics

PBIAS
NSE
IOA

Runoff

Drainage

Calibration

Validation

All periods

Calibration

Validation

All periods

−12.47%
0.85
0.96

1.71%
0.71
0.92

−4.08%
0.81
0.95

12.46%
0.60
0.86

2.95%
0.72
0.91

7.18%
0.73
0.92

Dissolved Reactive P (Pdr)
Pdr in Runoff

PBIAS
NSE
IOA

Pdr in Drainage

Calibration

Validation

All periods

Calibration

Validation

All periods

10.63%
0.95
0.99

−2.80%
0.59
0.90

4.58%
0.80
0.95

−13.40%
0.65
0.91

6.17%
0.74
0.94

−1.19%
0.83
0.95

Particulate Phosphorus (Ppart)
Ppart in Runoff

PBIAS
NSE
IOA

Ppart in Drainage

Calibration

Validation

All periods

Calibration

Validation

All periods

13.79%
0.76
0.93

−10.24%
0.72
0.91

0.10%
0.76
0.93

−8.28%
0.58
0.86

5.55%
0.69
0.86

0.54%
0.73
0.90

Sum of Pdr and Ppart (Psum)
Psum in Runoff

PBIAS
NSE
IOA

Psum in Drainage

Calibration

Validation

All periods

Calibration

Validation

All periods

12.87%
0.84
0.96

−8.34%
0.73
0.92

1.40%
0.78
0.94

−10.15%
0.71
0.92

5.76%
0.84
0.94

−0.07%
0.86
0.95

Calibration

Validation

All periods

−1.38%
0.86
0.96

1.59%
0.82
0.94

0.41%
0.86
0.95

Psum in Runoff + Drainage

PBIAS
NSE
IOA

PBIAS, Percent bias, NSE, Nash-Sutcliffe model efficiency; IOA, Index of agreement.

4. Hardware and software required: General PC with 4 GB RAM and
1 GB of free space. Winnows 7 or higher.
5. Availability: http://www.water-environment.lab.mcgill.ca/
6. Cost: Free
7. Program Size: 72.1 MB
8. Program Language: English
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Table 8
Water balance table for simulation period (mm).
Year

Rainfall

ET

OB

Runoff

Drainage

SIM

OB

SIM

OB

ΔS

Lateral Flow

Deep Seepage

06/01/08–05/26/09
05/26/09–06/11/10
06/11/10–06/22/11
06/22/11–05/15/12
05/15/12-12/09/12

1034.90
721.20
1171.50
994.70
342.40

441.51
417.68
422.96
335.28
406.35

183.56
35.56
219.26
144.14
0.55

174.68
29.72
154.82
200.89
0.12

389.72
251.64
499.38
532.06
16.64

470.53
275.73
588.51
479.19
6.26

−4.56
−11.31
−9.14
7.61
56.80

0.00
0.00
0.00
0.00
0.00

8.69
3.43
12.26
6.33
0.78

Total

4264.70

2023.80

583.07

560.23

1689.45

1820.22

39.40

0.00

31.49

Average (mm y-1)

947.71

449.73

129.57

124.50

375.43

404.49

8.76

0.00

7.00

OB, Observed; SIM, Simulated; ET, Evapotranspiration; ΔS, Soil water change.
56

Environmental Modelling and Software 113 (2019) 48–58

D. Sadhukhan et al.

Fig. 5. Comparison between simulated vs. observed mass of (a) Pdr in surface runoff, (b) Pdr in drainage water (c) Ppart in surface runoff, (d) Ppart in drainage water, (e)
Psum in surface runoff, (f) Psum in drainage water, (g) Psum in surface runoff + drainage water. Pdr , Dissolved Reactive Phosphorus; Ppart , Particulate Phosphorus; Psum ,
Sum of Pdr , Ppart ; Periods are the time periods as mentioned in Table 3.
Table 9
P balance table for the simulation period (all values in kg/ha).
Year

Fertilizer

Residue & Humus P Release

GH

Pdr

ΔSP

Ppart

Runoff

Drainage

Runoff

Drainage

SIM

OB

SIM

OB

SIM

OB

SIM

OB

SIM

OB

06/01/08–05/26/09
05/26/09–06/11/10
06/11/10–06/22/11
06/22/11–05/15/12
05/15/12-12/09/12

50.00
0.00
50.00
0.00
50.00

21.50
33.11
33.68
18.08
11.60

19.56
20.12
18.12
18.48
16.93

15.30
18.26
16.77
21.23
15.01

0.47
0.03
0.75
0.22
0.00

0.54
0.07
0.59
0.33
0.00

1.07
0.68
1.33
1.44
0.04

1.27
0.37
1.68
1.18
0.01

1.08
0.21
2.20
1.19
0.01

1.22
0.32
2.15
1.01
0.00

1.73
1.15
2.59
2.58
0.08

1.87
1.04
2.80
2.43
0.02

34.46
−10.24
11.09
−21.27
17.03

Total

150.00

117.97

93.20

86.57

1.46

1.53

4.56

4.51

4.70

4.70

8.12

8.17

31.07

Average

33.33

26.22

20.71

19.24

0.32

0.34

1.01

1.00

1.04

1.04

1.81

1.82

6.90

OB, Observed; SIM, Simulated; ΔSP, Soil P change; Pdr, Dissolved Reactive Phosphorus; Ppart, Particulate Phosphorus; GH, Grain Harvested.
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