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Equifinality is the capability of models to produce similar model-output responses. The objective of this study is
to use a numerical experimentation to investigate the equifinality of six modules for estimating ammonia (NH3)
volatilisation from the floodwater in a rice system. Except for the Chowdary’s, all modules can simulate the
fluctuating trends of NH3 volatilisation rates. NFLOOD v.1 shows low equifinality to Jayaweera and Mikkelsen’s
and the regression equations in CERES-Rice, DSSAT-CSM and APSIM-Oryza in estimating the NH3 volatilisation.
The equation in APSIM-Oryza has high equifinality to that in CERES-Rice. Both regression equations have low
equifinality to the regression equation in DSSAT-CSM. All three regression equations show low equifinality to
Jayaweera and Mikkelsen’s. Findings in this study are valuable to make an informed model selection, to interpret
model-output responses critically and to improve an existing model by adopting an alternative module without
using experimental data explicitly.

1. Introduction
Nitrogen (N) is applied in rice systems to increase yield, but not all N
will be taken up by the crop. Ammonia (NH3) volatilisation in fertilised
and flooded rice systems can reach up to 50% of the total N applied,
when urea is broadcast on the floodwater (Chen et al., 2015; Wang et al.,
2018). NH3 volatilisation results in monetary loss and negative impact
on the environment when deposited on land causing soil acidification
and eutrophication. Furthermore, NH3 in the air is now a concern in
public health as NH3 reacts with other air pollutants to create tiny
particles that can lodge in the lungs (Stokstad, 2014; Wu et al., 2016).
Technologies such as use of coated N fertilisers, enzyme inhibitors or
deep placement of fertilisers, may alleviate NH3 volatilisation (Liu et al.,
2015; Yang et al., 2013; Yao et al., 2018), but the immediately incurring
cost, the delayed and uncertain benefits and inadequate extension ser
vices hinder technology adoption (Fujisaka, 1994; Nakano et al., 2018).
Consequently, NH3 volatilisation remain as one of the pathways for N
loss in fertilised and flooded rice systems (Wang et al., 2018).
Since the 1980’s, many mathematical models were developed for

simulating N dynamics in a flooded soil/rice system (Chowdary et al.,
2004; Gaydon et al., 2012; Godwin and Singh, 1998; Jayaweera and
Mikkelsen, 1990). Complex N dynamics models consist of multiple
modules. These modules describe the transport and conversions of N in
the flooded soil/rice systems, including NH3 volatilisation from the
floodwater, simultaneous nitrification and denitrification, immobilisa
tion and mineralisation of organic N, nitrate leaching, and N surface
runoff.
Equifinality is the capability of mathematical models to produce
similar model-output responses, and is an important aspect in model
evaluation (Beven 1993, 2006; Bellocchi et al., 2010; Van Maren and
Cronin, 2016). Hence, analysis of equifinality may be interpreted as
sensitivity or identifiability analysis of model structures or modules.
Importance of sensitivity analysis is highlighted in Saltelli (2019) and
see Borgonovo and Plischke (2016) for an example of sensitivity anal
ysis. As in parametric sensitivity studies experimental data is not
explicitly taken into account. In parametric sensitivity analysis typically
intervals or probability density functions follow from prior knowledge,
obtained from past experiments. Similarly, in analysis of equifinality the
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chosen (sub)model structures capture past experimental data that was
used for calibration and validation. New experimental data, however,
can be used for the selection of the most appropriate (sub)model
structure for a specific system, but then it becomes an a posteriori type of
analysis instead of an a priori one as intended by the analysis of equi
finality in this study.
Comparison of models at a full model level reveals the effects of
interacting modules on the model-output responses, but not the equi
finality of a specific module to alternative modules from other models.
Comparison at full model level is also only appropriate among models
that are developed for the same objectives (Bellocchi et al., 2010). Not
all models with the capability to simulate NH3 volatilisation were
developed for the same objectives. For instance, it is not appropriate to
compare the full model by Chowdary et al. (2004) to the full model by
Jayaweera and Mikkelsen (1990). The former was developed for flooded
soil systems with N uptake by rice crop and various N dynamics
including NH3 volatilisation, while the latter was developed to simulate
NH3 volatilisation in flooded soil systems without rice crop.
Interest and importance of comparative studies at modular level
have led to development of modular frameworks which allow for
replacement or addition of modules for diagnosis of differences between
models/modules. Examples of such frameworks are the decision support
system for agrotechnology transfer-crop system model (DSSAT-CSM)
(Jones et al., 2003) and Framework for Understanding Structural Error
(FUSE) for hydrological models (Clark et al., 2008). As an alternative,
Camargo and Kemanian (2016) extracted relevant modules for soil
water uptake by crops from several models, performed numerical ex
periments and compared the module-output responses. Similarly, Elnesr
and Alazba (2019) performed numerical experiments on HYDRUS and
evaluated the effects of model parameters on the accuracy and stability
measures of surface drip irrigation for different soil textures. They also
showed that the 3D simulations were more successful and reliable than
the 2D simulations in terms of mass balance error. Sulis and Sechi (2013)
performed numerical experiments on five water resource models to
illustrate how these models implement and evaluate different operating
rules to a complex water system. Marschmann et al. (2019) studied the
equifinality of mechanistic soil biogeochemical models.
Some of the existing modules for the estimation of NH3 volatilisation
in a fertilised and flooded soil/rice system have been individually
evaluated with field or laboratory observations of NH3 volatilisation
(Hayashi et al., 2008; Jayaweera and Mikkelsen, 1990; Liang et al.,
2014), but the differences in model-output responses of these modules
with different structures have not been compared. Furthermore, there is
little consensus about ammonia emissions from agricultural lands,
especially those from rice systems, due to unstandardized measurement
protocols whereby not all methods have comparable accuracies (Plautz,
2018; Wang et al., 2018). Currently, lack of comparative studies hinders
informed selection of models, critical interpretation of model-output
responses, and improvement of an existing model by adopting a better
module from another model.
The objective of this study is to investigate the equifinality of six
modules of different structures for estimating NH3 volatilisation from
the floodwater in a tropical flooded rice field under dynamic conditions
through numerical experiments. A comparative assessment via numer
ical experimentation can be a useful compliment to model evaluation
when experimental data are sparse and of limited quality as it assists in
selecting the most suitable model (Bellocchi et al., 2010). The six rele
vant modules were extracted from Rao et al. (1984) (NFLOOD v.1),
Jayaweera and Mikkelsen (1990), Chowdary et al. (2004), Godwin and
Singh (1998) (CERES-Rice), Jones et al. (2003) (DSSAT-CSM) and
Gaydon et al. (2012) (APSIM-Oryza).

2. Materials and methods
The total ammoniacal-N in the floodwater susceptible to NH3 vola
tilisation is produced through urea hydrolysis. Therefore, we included
scenario studies of two modules of urea hydrolysis to compliment the
scenario studies of NH3 volatilisation. Section 2.1 describes two module
structures of urea hydrolysis in the floodwater and the scenario studies
of the modules. Section 2.2 describes six module structures of NH3
volatilisation from the floodwater and the scenario studies of the mod
ules. Synthetic floodwater pH and temperature provided in Appendix A
were used as inputs to the modules when necessary. The synthetic
floodwater pH and temperature were adapted from Fillery et al. (1984),
and, thus, mimics the typical trends observed in tropical fertilised and
flooded rice systems.
2.1. Model structures of urea hydrolysis in the floodwater
This section presents two modules to simulate urea hydrolysis in the
floodwater. Urea is hydrolysed into ammonium (NH+
4 ) upon entering the
floodwater. Both modules described urea hydrolysis by a first-order
process, but either with a constant rate coefficient or time-varying rate
coefficient.
2.1.1. First-order urea hydrolysis with constant rate coefficient
First-order urea hydrolysis in floodwater with a constant rate coef
ficient is mathematically described by the differential equation (Chow
dary et al., 2004):
dU w
= − Kh U w
dt

(1)

where, Kh is a constant rate coefficient of urea hydrolysis (time-step− 1),
and Uw is the amount of urea in the floodwater (kg N ha− 1). This concept
was also applied by Jing et al. (2010), Antonopoulos (2010) and Liang
et al. (2014).
2.1.2. First-order urea hydrolysis with time-varying rate coefficient
Alternatively, the rate of urea hydrolysis in the floodwater is regu
lated by the time-varying rate coefficient as conceptualised in CERESRice and adopted in APSIM-Oryza, and is given by Gaydon et al.
(2012) and Godwin and Singh (1998):
FUHYDR = K̃ h × U w

(2)

where, FUHYDR is floodwater urea hydrolysis rate (kg N ha− 1 timestep− 1), and Uw is the amount of urea in the floodwater (kg N ha− 1). K̃h is
the time-varying rate coefficient of urea hydrolysis (time-step− 1),
described by empirical relationships and expressed in variable names of
APSIM-Oryza, and is given by Gaydon et al. (2012) and Godwin and
Singh (1998):
K̃ h = max(pot hydrolysis, UALGCT ) × TEMPFU

(3)

where, pot hydrolysis = 0.008 + (0.005 ×OC %) (time-step− 1), and
UALGCT = 0.1 × algact (time-step− 1) with OC % the percentage of
organic carbon in the top soil layer. UALGCT ranges from 0 to 0.9 with
algact = min(ali, fti, fni, fpi) the PAB activity index factor that ranges
from zero through unity (Gaydon et al., 2012). The variable ali is the
available light index, fti is the floodwater temperature index, fni is the
floodwater N index, and fpi the floodwater P index and are given by
(Gaydon et al., 2012):
(
)
frad
ali = 1 − exp −
,
(4)
5.0
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Table 1
The complexity of the urea hydrolysis and ammonia volatilisation modules in terms of the number of parameters and inputs.
Module

Number of calibrated
parameters

Other input variables

Eq. (1)
Eqs. (2)–(7)

1
–

Eq. (8) (first order)
Eq. (9) of NFLOOD v1
Eq. (10) of Jayaweera and
Mikkelsen’s
Eq. (11) of CERES-Rice

1
1
–

Amount of fertiliser
Amount of fertiliser, soil organic carbon, ammonia concentration in floodwater, floodwater pH and temperature, LAI,
phosphorus application (yes/no), radiation, water albedo
Amount of fertiliser
Amount of fertiliser, floodwater pH
Amount of fertiliser (concentrations of ammonia), floodwater pH and temperature, wind speed

Eq. (12) of DSSAT-CSM

–

Eq. (13) of APSIM-Oryza

1

{
fti =

fni =

0.0667T w − 1.0 for 15◦ C ≤ T w ≤ 30◦ C
− 0.0667T w + 3.0 for 30◦ C < T w ≤ 45◦ C

[N w ]
+ 0.1, and
15.0
{

fpi =

–

0.5 when phosphorus is absent
1.0 when phosphorus is applied

Amount of fertiliser, floodwater pH and temperature, LAI, phosphorus application (yes/no), evaporation rate, radiation,
water albedo
Amount of fertiliser, floodwater pH and temperature, LAI, phosphorus application (yes/no), evaporation rate, radiation,
water albedo
Amount of fertiliser, floodwater pH and temperature, LAI, phosphorus application (yes/no), evaporation rate, radiation,
water albedo

For all scenarios, an initial input of 150 kg urea-N ha− 1 and a
simulation time-step of 2 h were defined. Eq. (1) was solved via nu
merical integration using the MATLAB’s function ode45, whereas Eqs.
(2)–(7) were solved using an Euler Forward scheme. These scenario
studies are summarised in Appendix B (Table B1).

(5)
(6)

2.3. Modelling concepts of NH3 volatilisation from the floodwater

(7)

This section presents six modules to simulate NH3 volatilisation from
a floodwater surface. NH3 volatilisation from the floodwater surface is
regulated by five factors: concentration of total ammoniacal-N in the
floodwater, wind speed, floodwater pH, temperature and depth. The
floodwater pH and temperature govern partitioning of the total
ammoniacal-N into either NH+
4 or NH3.

where frad = f(radiation, water albedo, LAI) is mean daily solar radia
tion in MJ m− 2 day− 1, T w is floodwater temperature in ◦ C, and [Nw ] is
concentration of total ammoniacal-N in the floodwater in mg N L− 1 or
ppm. Finally, TEMPFU = 0.04 × T w − 0.2 is dimensionless and ranges
from 0 through 0.9; the TEMPFU is capped at 0.9.

2.3.1. First-order NH3 volatilisation with constant rate coefficient
The NH3 volatilisation can be described by a first-order process with
constant rate coefficient and given by (Chowdary et al., 2004):

2.2. Scenario studies of urea hydrolysis
In order to simulate the dynamics of urea hydrolysis, the first-order
kinetics model with constant rate coefficient given by Eq. (1) was
simulated for Kh = 0.0667 2-h-1 (Scenario 1.1), which is the maximum
value suggested by Chowdary et al. (2004).
Next, to study the dynamics of urea hydrolysis simulated using the
module in APSIM-Oryza (Eqs. (2)–(7)) under typical conditions in
tropical flooded rice systems, five scenarios were simulated (Scenarios
1.2 to 1.6). For all five scenarios, the synthetic floodwater temperatures
were used to simulate fti in UALGCT and TEMPFU. The floodwater depth
was assumed constant at 0.10 m, water albedo of 0.05, and an average
solar radiation of 16.5 MJ m− 2 day− 1 observed at Los Baños used to
calculate ali (Freney et al., 1983). The initial floodwater pH was set at 7.
Scenarios 1.2 and 1.3 assumed flooded soil systems with no rice plant
and no N loss. Therefore, LAI = 0.0 resulting in ali ≈ 0.96. The fni is
regulated by the total ammoniacal-N in the floodwater, which was
produced through urea hydrolysis. Since no N loss was assumed, the fni
eventually became non-limiting. The P content in the floodwater was
assumed not limiting, fpi = 1.0. The percentage of soil organic C was set
to 2 and 20% for Scenarios 1.2 and 1.3, respectively. Scenario 1.4 was
simulated using the conditions in Scenario 1.2, except that no P was
supplied, fpi = 0.5. Scenario 1.5 assumed a flooded system with young
rice crop. Therefore, LAI = 1.0, assuming sufficient light is still available
for photosynthetic aquatic biomass activity described by UALGCT. In
order to simulate the fni, concentrations of total ammoniacal-N in
floodwater observed in a flooded system with rice plants, for the dura
tion from 14 days through 27 days after transplanting, in Los Baños
(Fillery et al., 1984), were interpolated on a two-hourly basis, and used
as input. Supply of P was assumed not limiting, fpi = 1.0. The per
centage of soil organic C was set to 2%. Similar conditions as in Scenario
1.5 were used in Scenario 1.6. However, Scenario 1.6 assumed a flooded
system with rice plants in a more advanced stage of development, LAI =
3.0.

dNH3g
= + Kv [N w ]V
dt

(8)

g

where, NH3 is NH3 volatilisation (kg N ha− 1), Kv is a constant rate co
efficient of NH3 volatilisation (time-step− 1), [Nw ] is total ammoniacal-N
concentration in the floodwater (kg N m− 3), and V = 10000Xw is volume
of floodwater per hectare of land (m3) with Xw the floodwater depth (m).
This concept was then adopted by Antonopoulos (2010) and Liang et al.
(2014). Chowdary et al. (2004) did not include the partitioning of NH+
4
and NH3. Their estimates of NH3 are independent of the floodwater pH
and temperature, which is a major difference compared to the other
modules.
2.3.2. First-order NH3 volatilisation with time-varying rate coefficient in
NFLOOD v.1
Rao et al. (1984), with their model called NFLOOD v.1, also con
ceptualised NH3 volatilisation in terms of first-order kinetics, but in their
study the amount of potentially volatilised NH3 was regulated by
floodwater pH, through partitioning of NH+
4 and NH3 in the floodwater,
given by:
dNH3g
Pw
= + Kv w
[N w ]V
dt
(P + 1)

(9)

g

where, NH3 is NH3 volatilisation (kg N ha− 1), Kv is the rate coefficient of

NH3 volatilisation (time-step− 1), Pw = 5.8 × 10(pH − 10) , and [Nw ] is total
ammoniacal-N concentration in the floodwater (kg N m− 3). The variable
pHw is the floodwater pH. Note that the concentration of NH3 in the
w
floodwater is given by (PwP+1) [Nw ]. The effect of floodwater temperature
w

on the partitioning of NH+
4 and NH3 is neglected in NFLOOD v.1, unlike
the subsequent modules.
3
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2.3.3. First-order NH3 volatilisation with a time-varying rate coefficient in
Jayaweera and Mikkelsen’s
Jayaweera and Mikkelsen (1990) approximated the rate of NH3
volatilisation by the rate of change in NH+
4 concentration in the flood
water and the equation is given by:
[
]
{
}
([ ] [
])
d NH4+
kd ([N w ] − [NH3 ])
+
w
= ka
N
−
NH
(10)
]
−
k
[H
d
3
dt
ka [H + ] + K̃ v

In our scenario studies, the factor fnh3p in Eqs. (11)–(13) is calcu
lated using equations given by (APSIM-Oryza, 2012; DSSAT-CSM,
2006):
[NH3 ] =

1 + 10
fnh3m = [NH3 ] ×

− 1

where,
is concentration of
in floodwater (mol N L ), [Nw ] is
concentration of total ammoniacal-N in floodwater (mol N L− 1), [NH3 ] is
w
concentration of NH3 in floodwater (mol N L− 1), [H+ ] = 10− pH is
hydrogen concentration (mol H+ L− 1), ka is association constant (L mol
N− 1 time-step− 1), kd is dissociation constant (time-step− 1), and K̃v is the
time-varying rate coefficient of NH3 volatilisation (time-step− 1). Full
equations for the calculation of K̃v = f(Xw , pHw , Tw , U8 ), ka = f(T w ),
and kd = f(Tw , ka ) are given in Appendix C, with Tw floodwater tem
perature, Xw floodwater depth, pHw floodwater pH, and U8 wind speed.
Derivation of Eq. (10) is given in Jayaweera and Mikkelsen (1990). In
Jayaweera and Mikkelsen (1990), [Nw ] and pHw were measured in ex
periments, whereas [NH3 ], ka , kd , and K̃v were calculated. A key
assumption underlying the model is that there are no other N losses,
other than NH3 volatilisation.
[NH4+ ]

NH+
4

(

ln hk = 155.559 −

1
0.09018+2729.92
−
Tw

(14)

) × [N w ]
pH w

(
)
0.001
14

(15)

8621.06
− 25.6767 ln T w + 0.035388T w
Tw

(16)

(
)
fnh3m × 10
fnh3p = max 0,
hk

(17)

where, Tw is floodwater temperature (K), [NH3 ] is concentration of NH3
in the floodwater (mg N L− 1), and [Nw ] is concentration of total
ammoniacal-N in floodwater (mg N L− 1). Definitions and units of hk and
fnh3m are not available in the source code, but from Freney et al. (1983)
we infer that hk is the Henry coefficient and fnh3m is molar concentra
tion of NH3 in floodwater.
In all three regression equations, the floodwater pH is approximated
by a function that follows an absolute sine curve, and is given by Gaydon
et al. (2012), Godwin and Singh (1998) and DSSAT-CSM (2006):
[
(
)]
3.142 × i
w
(18)
pH = 7 + (0.5 + (2 × algact)) × sin
12

2.3.4. NH3 volatilisation using regression equations
Initially, Godwin and Singh (1998) described NH3 volatilisation in
CERES-Rice by a regression equation with the term fnh3p × 2. In later
studies the term was corrected to fnh3p2 , so that:

where, algact is the PAB activity defined in Section 2.1.2, and time index
i = 1, 2, …, 12. At time 12:00 h: i = 6. The effect of urea hydrolysis on
floodwater pH was added whenever the urea hydrolysis rate (in flood
water) was greater than 0.05 kg N ha− 1 2-h-1 (Gaydon et al., 2012):
(
)
ali × (10 − pH w uhyd)
w
(19)
pH w = pH +
10

amlos CR = (0.036 × fnh3p) + (0.05863 × evap)
(
)
+ 0.000257 × fnh3p2 × evap × X w
{
(
)}
= (0.036 × fnh3p) + 0.05863 + 0.000257 × fnh3p2 × X w × evap
(11)
where, amlosCR is the NH3 volatilisation (kg ha− 1 time-step− 1), fnh3p is
the partial pressure of NH3, evap is the water evaporation rate (mm timestep− 1), and Xw is floodwater depth (mm).
As an alternative, NH3 volatilisation is also described by a regression
equation as follows DSSAT-CSM, 2006):
)}
{
(
amlosCR = (0.036 × fnh3p) + 0.0082 + 0.000036 × fnh3p2 × X w

where, pHw uhyd = min(10, − log10 (FUHYDRM)). The FUHYDRM =

− 1
FUHYDRC × 0.001
14 is molar concentration of hydrolysed urea mol N L ,

and the FUHYDRC = FUHDYR×100
is concentration of hydrolysed urea in
Xw

mg N L− 1, FUHDYR is rate of hydrolysed urea in kg N ha−
Xw is floodwater depth in mm (APSIM-Oryza, 2012).

× windspeed

1

(Eq. (2)), and

2.3.5. Scenario studies of NH3 volatilisation
A first-order urea hydrolysis with a constant coefficient of Kh ≈
0.064 2-h-1 (Eq. (1)) was simulated to provide input to the NH3 volati
lisation module of all models. The initial input was 150 kg urea-N ha− 1.
N loss was assumed only through NH3 volatilisation. Floodwater depth
was assumed constant at 0.10 m.
For all Scenarios 2.1, synthetic floodwater pH and temperature were
used to investigate equifinality between the six modules in simulating
NH3 volatilisation. In order to fit the responses produced by the simpler
modules to those of more complex modules, parameters Kv of Chow
dary’s and NFLOOD v.1, and wind speed U8 of Jayaweera and Mikkelsen
(1990) were manually adjusted to match the trends and magnitudes of
the responses from Eqs. (11)–(13). Thus, the NH3 volatilisation
described by a first-order kinetics with a constant rate coefficient given
by Eq. (8) of Chowdary’s was simulated for Kv = 0.2 2-h-1 (Scenario
2.1C, Appendix B, Table B1). The constant rate coefficient of NFLOOD
v.1 was set at Kv = 8 2-h-1 (Scenario 2.1NF). The time-varying NH3
volatilisation rate coefficient of Jayaweera and Mikkelsen (1990) was
calculated for wind speed, U8 = 13 m s− 1 (Scenarios 2.1JM). As for the
regression equations, Eqs. (11)–(13) were first simulated for evap = 4

(12)
The windspeed in Eq. (12) is expressed as a function of pan evapo
ration rate and LAI. For LAI ≤ 1, the windspeed = 7.15 × evap, while for
LAI > 1, the windspeed = (5.75 × evap)/(LAI × 1.5), where evap is in
mm time-step− 1 (APSIM-Oryza, 2012). Eq. (12) originates from Eq. (11)
of CERES-Rice, and was modified; it is now coded into DSSAT-CSM v4.7
(Hoogenboom et al., 2017; Jones et al., 2003).
Gaydon et al. (2012) modified Eq. (12) and applied it in
APSIM-Oryza. The modified equation is given by:
)}
{
(
amlosAO = (0.036 × fnh3p) + 0.0082 + 0.000036 × fnh3p2 × X w
× (Nlossfact × evap)
(13)
where, Nlossfact is the dimensionless calibrated constant, which
implicitly capture the effect of wind speed, fnh3p is the partial pressure
of NH3, evap is pan evaporation rate (mm time-step− 1), and Xw is
floodwater depth (mm). Note the difference in unit of Xw in Eqs. (11)–
(13) compared to other models.
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mm day− 1, fpi = 1.0 and LAI = 1.0 to represent young rice crop (Sce
narios 2.1CR, 2.1DC and 2.1AO). However, Eq. (13) has an additional
parameter Nlossfact = 7.15, which was adjusted to fit the responses of
the other modules.
Next, instead of simulating the equations with synthetic floodwater
pH, the floodwater pH routine was implemented to simulate all three
regression equations (Section 2.3.4). Eq. (11), Eq. (12) and Eq. (13) were
first simulated for evap = 4 mm day− 1, fpi = 1.0 and LAI = 1.0 to
represent young rice crop (all Scenarios 2.2). Then, the regression
equations were simulated for LAI = 3.0 to represent a system with
mature rice crop (all Scenarios 2.3). In addition, two scenarios were
simulated where firstly the floodwater depth was reduced from 0.10 to
0.05 m, and secondly the evaporation rate was increased from 4 to 12
mm day− 1, while the other settings used in Scenarios 2.2 were
maintained.
Based on Scenarios 2.2 and 2.3, the three regression equations show
high equifinality in simulating the NH3 volatilisation rates. Therefore,
additional simulation runs were conducted and analysed to investigate
the effects of relevant parameters on the trends of NH3 volatilisation.
The same built-in floodwater pH routine was used for all three equa
tions. Latin-hypercube sampling (Saltelli et al., 2008) was applied to
generate 100 combinations of the input variables: floodwater depth,
evaporation rate and LAI (Table 1). The sampled ranges are 50–200 mm,
0–12 mm day− 1 and 0.5–3.5, respectively. These ranges were used for
the following four cases: fpi = 1.0 and baseline floodwater temperature
dynamics, fpi = 0.5 and baseline floodwater temperature, fpi = 1.0 and
baseline floodwater temperature increased by +5 ◦ C, fpi = 1.0 and
baseline floodwater temperature reduced by − 5 ◦ C. Thus, resulting in
total 400 simulation runs. The parameter Nlossfact of Eq. (13) was kept
constant at 7.15 because this value resulted in high equifinality with the
other two regression equations in Scenarios 2.2 and 2.3.
Next, the responses of the regression equations for the 400 simula
tion runs were compared to the Jayaweera and Mikkelsen’s. For this
comparison, the wind speed in the Jayaweera and Mikkelsen’s was set
constant at 13 m s− 1; previously in Scenario 2.1, reasonable equifinality
between Jayaweera and Mikkelsen’s and the three regression equations
in simulating the NH3 volatilisation rates observed at this wind speed.
Unlike the three regression equations, the evaporation rate, LAI and fpi
were not required for simulation of the Jayaweera and Mikkelsen’s.
Therefore, only the same sets of floodwater depth and floodwater tem
perature were re-used to simulate the Jayaweera and Mikkelsen’s. The
400 sets of floodwater pH generated by the corresponding regression
equations were extracted and plugged into the Jayaweera and Mikkel
sen’s as the latter does not have its own floodwater pH routine.
For all previous simulations, a constant urea hydrolysis rate of Kh =
0.064 2-h-1 was assumed. Thus, the next step was to evaluate the effect
of time-varying urea hydrolysis rates (Eq. (2)) on the subsequent NH3
volatilisation by selecting APSIM-Oryza as an example. The same sets of
parameter and input variables were used to simulate time-varying urea
hydrolysis and the corresponding NH3 volatilisation rates for two
different values of an additional parameter required by Eq. (2), namely
soil organic carbon with 5% and 13%. Thus, for the case with time-

varying urea hydrolysis rates resulted in a total of 800 simulations
runs. The resulting NH3 volatilisation rates were compared with baseline
NH3 volatilisation rates simulated using the constant urea hydrolysis as
input.
For all scenarios, a simulation time-step of 2 h was defined. Eqs. (8)
and (9) were solved in continuous-time form via numerical integration
using the MATLAB’s function ode45. Meanwhile, Eqs. (10)–(13) were
solved using an Euler Forward scheme. Details of all scenario studies are
summarised in Appendix B (Table B2).
2.4. Evaluation metric
The Nash-Sutcliffe Efficiency (NSE) is often used to compare model
responses to observations for various scenarios. In this study, the NSE is
used to compare equifinality between models’ responses as follows.
∑n
∑n
1
(yi − ̂y i )2
y i )2
(yi − ̂
NSE = 1 − n1∑i=1
= 1 − ∑i=1
(20)
n
2
n
2
i=1 (yi − y)
i=1 (yi − y)
n
where, n is the number of simulation data points, yi is the response at the
ith time instant of model A, y is the mean of the responses of model A,
and ̂
y i is the response of model B. An NSE value of 1 indicates both
models produce the same responses, and, thus, high equifinality. A value
of less than 1, indicates the model responses differ. As the value ap
proaches 0 or when more negative value is obtained, the equifinality
between the two models is lower. Note that from Eq. (20), the mean of
the response of the baseline model (in this case model A) will influence
the NSE. Therefore, NSE of model A vs. model B is, in general, not the
same as NSE of model B vs. model A, leading to asymmetry of the metric.
In addition, the root mean squared errors (RMSE) is also calculated
as follows:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
n
1∑
RMSE =
(21)
(yi − ̂
y i )2
n i=1
Note that a disadvantage of RMSE is that large discrepancies between
two module responses within a short time frame, for instance at peaks,
may be overruled by smooth module responses over a longer time frame.
3. Results and discussion
Scenarios with distinct results are presented and discussed in this
section. Recall that equifinality is the capability of models to produce
similar model-output responses despite different representations of the
systems. In this study, we revealed equifinality of modules through
numerical experimentation. The complexity of each module is given in
Table 1.
3.1. Scenario studies of urea hydrolysis in the floodwater
Chowdary et al. (2004) assumed a constant Kh , where the two-hourly
rates of urea hydrolysis are proportional to the amount of total
ammoniacal-N in the floodwater, resulting in a gradual and consistent

Table 2
The NSEs of simulated model outputs produced by two urea hydrolysis modules for various combinations of soil organic carbon, fni, fpi and LAI. See Table B1 in
Appendix B for summary of the scenarios.
Urea hydrolysis scenarios
Scenario 1.1
Scenario 1.2
Scenario 1.3
Scenario 1.4
Scenario 1.5

Eq. (1)
Eqs. (2)–(7)
Eqs. (2)–(7)
Eqs. (2)–(7)
Eqs. (2)–(7)

Scenario 1.2

Scenario 1.3

Scenario 1.4

Scenario 1.5

Scenario 1.6

0.79
–
–
–
–

0.86
0.39
–
–
–

0.80
0.89
0.61
–
–

0.81
0.94
0.64
0.89
–

0.71
0.75
0.53
0.93
0.81
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Fig. 1. a) Rate of urea hydrolysis simulated using Chowdary’s in Scenario 1.1 in which Kh = 0.0667 2-h-1 (blue line). Rates of urea hydrolysis in flooded systems
without rice crop simulated using APSIM-Oryza in Scenario 1.2 in which soil organic C was 2% and non-limiting P (black line), Scenario 1.3 in which soil organic C
was 20% and non-limiting P (red line), and Scenario 1.4 in which soil organic C was 2% and limiting P (cyan line). Rates of urea hydrolysis in flooded systems with
rice crop simulated using APSIM-Oryza’s module in Scenario 1.5 in which rice crop is young, LAI = 1 (magenta line) and Scenario 1.6 in which rice crop is at more
advanced stage, LAI = 3 (green line), where b) K̃h for Scenario 1.5 and c) K̃h for Scenario1.6. The red dashed line is time-varying K̃h , grey solid line represent
UALGACT = 0.1 × algact and black solid line represent pot_hydrolysis in Eq. (2). (For interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

reduction of urea in the floodwater (Scenario 2.1 blue line in Fig. 1a). A
greater Kh value resulted in faster completion of urea hydrolysis.
Meanwhile, in APSIM-Oryza, the diurnal floodwater temperature via the
PAB activity resulted in fluctuating rates of hydrolysed urea within a day
(Scenarios 1.2). However, when soil organic C (OC% = 20%) or P (fpi =

0.5) in floodwater were the dominating factors, an exponentially
decreasing trend with a smoother curve was observed (Scenario 1.3 red
line vs. Scenario 1.4 cyan line). Unless buffered by a high percentage of
soil organic C, lower urea hydrolysis rate was observed in the first few
hours after application of urea, i.e., Scenario 1.2 black line versus Sce
nario 1.3 red line, due to a gradual build-up of total-ammoniacal N in the
floodwater (Fig. A2, Appendix A). In APSIM-Oryza, the minimum value
of TEMPFU is 0.8 when the minimum synthetic floodwater temperature
is 25 ̊C. Consequently, the rate of urea hydrolysis is relatively fast. In a
colder climate, APSIM-Oryza will simulate a lower urea hydrolysis rate.
The total ammoniacal-N in the floodwater in rice systems at Los
Baños which were used to calculate the fni did not exceed 15 mg N L− 1 at
any time (Fig. A2, Appendix A). From Eq. (6), the fni may be a limiting
factor when the total ammoniacal-N is less than 15 mg N L− 1. For a low
soil organic C, i.e., 2%, higher rates of urea hydrolysis during the first
four days after urea application were observed in a flooded system with
young rice crop, LAI = 1.0 (Fig. 1a, Scenario 1.5 magenta line),
compared to a flooded system with rice crop at a more advanced growth
stage, LAI = 3.0 (Scenarios 1.6 green line). After four days, the values of
K̃h of both scenarios converged, due to low N content in the floodwater
(fni) in both systems. However, if the soil organic C in the top soil layer
was high enough to buffer the effect of crop growth stage, smaller dis
crepancies between rates of urea hydrolysis of a flooded system with
young rice crop, and those of a flooded system with well-developed rice
crop, are expected.

Fig. 2. Rates of NH3 volatilisation simulated using Chowdary’s for Scenario
2.1C with Kv = 0.2 2-h-1 (grey line), the NFLOOD v.1 for Scenario 2.1NF with
the Kv = 8 2-h-1 (black line), Jayaweera and Mikkelsen’s for Scenario 2.1JM
with wind speed at 13 m s− 1 (red line), CERES-Rice with evaporation rate 4 mm
day− 1 and LAI = 1 (green line), DSSAT-CSM 4 mm day− 1 and LAI = 1 (magenta
dashed line) and APSIM-Oryza 4 mm day− 1, LAI = 1 and Nlossfact = 7.15 (blue
dashed line). (For interpretation of the references to colour in this figure legend,
the reader is referred to the Web version of this article.)

3.2. Equifinality of urea hydrolysis modules
Two urea hydrolysis modules were developed based on first-order
kinetics, but the hydrolysis rates were either driven by a constant rate
coefficient, Kh (Eq. (1)) or a time-varying rate coefficient, K̃h (Eq. (2)).
Simulations of both modules resulted in exponentially decreasing
trends, but in specific cases, deviation from the trends occurred due to
6
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the time-varying coefficient. The deviations are due to the dynamics of N
in the floodwater via variable fni, or floodwater temperature via vari
ables fti or TEMPFU.
The trends of urea hydrolysis simulated using APSIM-Oryza for most
of the scenarios can be roughly approximated using the Chowdary’s
module by adjusting the constant rate coefficient, Kh , but this approach
is dependent on user’s judgement. Nevertheless, the gradual increase of
urea hydrolysis rates during the first few hours after urea application
and the subsequent fluctuating rates of urea hydrolysis (Fig. 1b) cannot
be simulated using the Chowdary’s module. A good estimate of soil
organic C % in top soil layer is important for reliable estimation of urea
hydrolysis with APSIM-Oryza as the module is sensitive to soil organic C
(Scenarios 1.2 and 1.3). Fillery et al. (1984) observed that all urea was
completely hydrolysed within 7 days, but this was not always the case
with simulations by APSIM-Oryza. Unless buffered by a high percentage
of soil organic C, hydrolysis of urea in a flooded system with
well-developed rice crop would exceed seven days but at low rates
(Scenario 1.6).
Table 2 shows the NSEs related to different rates of urea hydrolysis as
simulated in Scenarios 1.1 to 1.6. Except for Scenarios 1.2 vs. 1.3, results
show moderate to reasonably high equifinality between the different
scenarios related to urea hydrolysis rates. The low equifinality when
simulating the urea hydrolysis rates in Scenarios 1.2 and 1.3 is due to the
large difference in the defined soil organic C, i.e., 2% vs. 20%. Despite
the structural differences in the two urea hydrolysis modules, the NSEs
for comparisons between Scenario 1.1 to all other scenarios, except for
Scenarios 1.6, are about 0.8. The discrepancies between the results from
Scenario 1.1 and the other scenarios may be further reduced by
adjusting Kh in Eq. (1). In addition, a higher soil organic C will result in a
smoother urea hydrolysis curve, and therefore, less discrepancies be
tween the responses of the two urea hydrolysis modules are expected,
provided Kh is adjusted for the specific condition. Distribution of the
RMSEs is bounded between 0.2 and 0.94 kg N ha− 1 2-h-1, which is a
relatively low range compared to the two-hourly rates. From visual in
spection, discrepancies occur mainly between 0 and 2 days after fertil
isation. The effects of time-varying urea hydrolysis rates on the
subsequent NH3 volatilisation are addressed in Section 3.5.

all able to simulate a diurnal cycle that follows a positive sinusoidal
trend.
The partitioning between NH3 and NH+
4 in NFLOOD v.1 was con
ceptualised only as a function of the floodwater pH, while both flood
water pH and temperature were conceptualised in the Jayaweera and
Mikkelsen’s and the three regression equations (Eqs. (11)–(13)).
NFLOOD v.1 can simulate the positive sinusoidal trend of NH3 volatili
sation, but the magnitude is lower than those of the Jayaweera and
Mikkelsen’s and the three regression equations, despite our attempts to
adjust parameter Kv .
Despite the significant structural differences (Section 2.2), Fig. 2
indicates moderate to high equifinality in simulating the NH3 volatili
sation rates between four modules, namely the Jayaweera and Mikkel
sen’s, CERES-Rice, DSSAT-CSM and APSIM-Oryza when the same
settings were used, and the non-common parameters were adjusted
namely the wind speed in Jayawera and Mikkelsen’s and Nlossfact in
APSIM-Oryza.
3.3.2. How does change in the floodwater depth affect the estimated rate of
NH3 volatilisation?
A reduction in the floodwater depth from 0.10 m to 0.05 m resulted
in increased rates of NH3 volatilisation using modules of Jayaweera and
Mikkelsen’s (results not shown) and all three regression equations (Eqs.
(11)-(13)), but this is not observed in Fig. 3c. However, notice that the
ammonia volatilisation rate just before the peak is higher for the low
floodwater depth than for the high floodwater depth. Consequently, the
peak for the low floodwater depth is not as high as the peak for the high
floodwater depth because more ammoniacal-N in the floodwater has
been lost via ammonia volatilisation before the peak in the case of low
floodwater depth. In short, the availability of total ammoniacal-N in the
floodwater limits the highest peak of the ammonia volatilisation. If the
evaporation rate was smaller, then the direct effect of floodwater depth
on the ammonia volatilisation would be apparent.
However, there was no change in the NH3 volatilisation rates simu
lated using Chowdary’s and NFLOOD v.1. This is because the floodwater
compartment was conceptualised as a large homogenous compartment
in both Chowdary’s and NFLOOD v.1. Consequently, the rate of NH3
volatilisation is directly proportional to the amount of total
ammoniacal-N in the bulk floodwater and independent of the floodwater
depth. This limitation in Chowdary’s and NFLOOD v.1 is easily over
looked if analysed at full model level with various interactions between
modules. However, if the floodwater compartment is segmented into
several smaller layers, then an increase in floodwater depth is expected
to reduce the rate of NH3 volatilisation, assuming urea hydrolysis occurs
at the bottom layer of the floodwater, and solute movement is via
diffusion from the bottom to the surface layer.

3.3. Scenario studies of NH3 volatilisation from the floodwater
In Section 3.3, the effects of parameter and input variables con
ceptualised in the six modules on NH3 volatilisation rates are explained
by answering four relevant questions prior to model selection. In Section
3.4, the equifinality across the six modules is critically discussed,
including analysis of the 400 simulation runs. In Section 3.5, the effects
of two fundamentally different urea hydrolysis modules on the subse
quent NH3 volatilisation rates are unravelled by using APSIM-Oryza as
an example.

3.3.3. How does NH3 volatilisation estimated for a tropical flooded rice
system with a young rice crop differ from that in systems with a rice crop at a
more advanced growth stage?
The effect of increasing crop canopy cover on NH3 volatilisation was
explicitly conceptualised only in the three regression equations in
CERES-Rice, DSSAT-CSM and APSIM-Oryza. The floodwater pH dy
namics in the regression equations is regulated by PAB activity via four
factors, namely, the nitrogen and phosphorus content in the floodwater,
floodwater temperature and leaf area index (Section 2.3.4). Simulation
revealed that the rates of NH3 volatilisation simulated by the three
regression equations decreased in flooded systems with rice crop at a
more advanced growth stage compared to systems with young rice crop
(Fig. 3a vs. 3b).

3.3.1. How do changes in the floodwater pH and temperature affect the
estimated rate of NH3 volatilisation?
Fig. 2 shows the simulation of Chowdary’s module, assuming a
constant Kv = 0.2 2-h-1. The two-hourly rates of NH3 volatilisation are
proportional to the amount of total ammoniacal-N in the floodwater.
The partitioning between NH3 and NH+
4 , which is regulated by the
floodwater pH and temperature, was not conceptualised in Chowdary’s.
Consequently, of all six modules, only Chowdary’s module was not able
to simulate a diurnal cycle that follows the positive sinusoidal trend
(Fig. 2 grey line), as observed in the field study by Fillery et al. (1984).
Modules which conceptualised partitioning between NH3 and NH+
4 in
the floodwater as a function of floodwater pH and/or temperature were
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Fig. 3. NH3 volatilisation rates using Eq. (11) of CERES-Rice (red line), Eq. (12) of DSSAT-CSM (green line) and Eq. (13) of APSIM-Oryza (blue line): a) Scenario 2.2
where LAI = 1.0, floodwater depth of 0.10 m and evaporation of 4 mm day− 1, b) Scenario 2.3 with increased in LAI = 3.0, c) repeat Scenario 2.2 but reduced in
floodwater depth to 0.05 m, and d) repeat Scenario 2.2 but increased in evaporation to 12 mm day− 1. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)

3.3.4. How do changes in wind speed and evaporation rate affect the
estimated rate of NH3 volatilisation?
Increase in the rate of NH3 volatilisation was observed by increasing
wind speed through K̃v in Eq. (10) of Jayaweera and Mikkelsen’s,
evaporation rate in Eq. (11) of CERES-Rice, LAI and evaporation rate in
Eq. (12) of DSSAT-CSM and a calibrated parameter, Nlossfact, and
evaporation rate in Eq. (13) of APSIM-Oryza. However, the availability
of total ammoniacal-N in the floodwater limits the highest peak of the
ammonia volatilisation in Fig. 3d compared to Fig. 3a. Note that a high
evaporation rate was observed just before the highest peak in Fig. 3d.
3.4. Equifinality of six NH3 volatilisation modules
Of all aforementioned modules, the module by Jayaweera and Mik
kelsen had been evaluated using data from 13 wind tunnel runs in a
laboratory set-up, where the initial NH4–N concentration, wind speed,
floodwater pH, temperature, or depth were varied one at a time while
the others were kept constant. Each wind tunnel run took 6 h and the
cumulative NH3 losses at the end of the test were measured. Although
the study showed that the module has limitations at high wind speed
(8.19 m s− 1) and low (6.5) and high (10.5) pH, the linear regression of
the observed and predicted values resulted in an acceptable R2 value of
0.86 (Jayaweera and Mikkelsen, 1991). A field validation of the module
showed close agreement between observed and predicted NH4–N
depletion in the floodwater with R2 close to 1 (Jayaweera and Mikkel
sen, 1991). Therefore, in addition to the comparison of simulated trends
against very specific field observations, evaluation of equifinality of the
other modules with respect to the Jayaweera and Mikkelsen’s may

Fig. 4. Rates of NH3 volatilisation following urea application to floodwater
observed at 21 days after transplant in a rice field in Philippines extracted from
the study by Fillery et al. (1984). In this study, 60 kg N ha− 1 was broadcast in
the floodwater without subsequent incorporation into the soil. Reproduced with
kind permission from John Wiley and Sons.

provide insights. Such assessment on qualitative model behaviour may
become essential in cases of highly complex and data-poor situations
(Bennett et al., 2013).
We observed that NFLOOD v.1, Jayaweera and Mikkelsen’s, CERESRice (Eq. (11)), DSSAT-CSM (Eq. (12)) and APSIM-Oryza (Eq. (13)) can
simulate the positive sinusoidal trend (Figs. 2 and 3), which was also
8
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Table 3
The NSEs of simulated model outputs between five ammonia volatilisation modules for various scenarios with fixed Kh . See Table B2 in the Appendix for details of the
scenarios.
Ammonia
volatilisation
scenarios

Scenario
2.1NF

Scenario
2.1JM

Scenario
2.1CR

Scenario
2.1DC

Scenario
2.1AO

Scenario
2.2DC

Scenario
2.2AO

Scenario
2.3CR

Scenario
2.3DC

Scenario
2.3AO

Scenario 2.1C
Scenario 2.1NF
Scenario 2.1JM
Scenario 2.1CR
Scenario 2.1DC
Scenario 2.2CR
Scenario 2.2DC
Scenario 2.2AO
Scenario 2.3CR
Scenario 2.3DC

− 3.7
–
–
–
–
–
–
–
–
–

− 13.4
− 1.0
–
–
–
–
–
–
–
–

− 20.9
− 2.2
0.9
–
–
–
–
–
–
–

− 20.9
− 2.2
0.9
1.0
–
–
–
–
–
–

− 20.9
− 2.2
0.9
1.0
1.0
–
–
–
–
–

–
–
–
–
–
1.0
–
–
–
–

–
–
–
–
–
1.0
1.0
–
–
–

–
–
–
–
–
0.08
0.08
0.08
–
–

–
–
–
–
–
0.03
0.03
0.03
0.7
–

–
–
–
–
–
0.08
0.08
0.08
1.0
0.4

Fig. 5. Boxplots of NSE for 400 simulation runs with fixed Kh for various combinations of the evaporation rate, LAI, fpi and floodwater depth and temperature using
Eq. (11) of CERES-Rice, 12 of DSSAT-CSM and 13 of APSIM-Oryza and Jayaweera and Mikkelsen’s (JM). Wind speed for Jayaweera and Mikkelsen’s was fixed at 13
m s− 1. Since the mean of baseline model responses influences NSE, three boxes, separated by a dashed line, are indicated, for each of the regression equations
one box.

observed using the micrometeorological method in a flooded rice system
in the Philippines (Fig. 4). The rates gradually increased and reached a
maximum value at about mid-day, and subsequently decreased towards
zero late in the evening. Because of the higher amount of urea applied
and because only NH3 volatilisation was considered as the N sink in all
simulations, higher magnitude of NH3 volatilisation observed in Fig. 3
than that in Fig. 4.
It is, however, not possible to appropriately calibrate the six modules
using the observations in Fig. 4, because of multiple N sinks, such as
plant uptake and percolation, involved. Consequently, a full model is
required to simulate the actual system, but then we would easily run into
so-called identifiability problems (Guillaume et al., 2019), as the full
models have large numbers of parameters. Furthermore, simulation of a
full complex model will lead to tangling multiple feedbacks across
modules, where as a result the equifinality at a specific module level
cannot be unravelled.
Table 3 shows the NSEs of model output simulations for six ammonia
volatilisation modules for various scenarios. The Chowdary’s module
was unable to simulate the fluctuating trends of NH3 volatilisation rates
observed in Fig. 5, because partitioning between NH3 and NH+
4 was not
conceptualised in Chowdary’s. The negative NSEs suggest that Chow
dary’s has low equifinality in simulating the NH3 volatilisation rates to
other modules especially to the Jayaweera and Mikkelsen’s, Eq. (11) of
CERES-Rice, Eq. (12) of DSSAT-CSM and Eq. (13) of APSIM-Oryza.
Nevertheless, studies have demonstrated that Chowdary’s is able to es
timate the total NH3 volatilisation at the end of a rice season (Chowdary

et al., 2004; Liang et al., 2014).
The NH3 volatilisation module of NFLOOD v.1 is slightly more
detailed than Chowdary’s, and is substantially less complex than Jaya
weera and Mikkelsen’s. Low equifinality in terms of NSE was observed
between NFLOOD v.1, and Jayaweera and Mikkelsen’s and the three
regression equations in simulating NH3 volatilisation rates in tropical
fertilised and flooded rice systems where the NSEs are negative for
Scenarios 2.1NF, 2.1CR, 2.1DC and 2.1AO (Table 3). Despite adjust
ments of parameter Kv , the maximum peak on day 1 is capped at about
17 kg N ha− 1 2-h-1 (Fig. 2). Nonetheless, in an additional scenario, high
equifinality was observed when the parameter Nlossfact in APSIM-Oryza
was adjusted to 0.4 while the Jayaweera and Mikkelsen’s was simulated
for a wind speed of 5 m s− 1 in order to fit the NFLOOD v.1’s response
(Fig. D1, Appendix D); this adjustment, however, reduces the equifin
ality between APSIM-Oryza, and the DSSAT-CSM and CERES-Rice in
simulating the NH3 volatilisation rates. The numerical experiments
suggest that NFLOOD v.1 cannot simulate all possible responses of the
more complex modules, i.e., Jayaweera and Mikkelsen’s, and the
regression equations in CERES-Rice, DSSAT-CSM and APSIM-Oryza.
Meanwhile, Table 3 shows high equifinality in simulating of
NH3volatilisation rates between the Jayaweera and Mikkelsen’s, CERESRice, DSSAT-CSM and APSIM-Oryza, where the NSEs are close to 1.0 for
Scenarios 2.1 and 2.2 for LAI = 1, representing a flooded system with a
young rice crop. High equifinality in simulating the NH3 volatilisation
rates is also observed between CERES-Rice and APSIM-Oryza for LAI =
3, representing a system with a more developed rice crop. However,
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reduced equifinality in simulating the NH3 volatilisation is observed
between DSSAT-CSM with the other regression equations, i.e., CERESRice and APSIM-Oryza for LAI = 3, where the NSEs are 0.7 and 0.4,
respectively.
In order to investigate the effects of relevant input variables on the
NH3 volatilisation responses of Jayaweera and Mikkelsen’s, CERES-Rice,
DSSAT-CSM and APSIM-Oryza for fixed Kh , 400 simulation runs were
simulated for each module (Section 2.3.5 for details). The responses of
the four modules were then compared to each other using the NSE as the
evaluation metric (Fig. 5 and Figs. D2 to D3 in Appendix D).
High equifinality in simulating the NH3 volatilisation is observed
between Eq. (11) of CERES-Rice and Eq. (13) of APSIM-Oryza where
84% of 400 simulation runs have NSEs ≥ 0.9. Further investigation re
veals that the discrepancies where NSEs <0.8 occur mostly at LAI < 1 for
various combinations of the other parameters (Fig. D5, Appendix D),
which may be influenced by the selection of Nlossfact, namely Nlossfact
was fixed at 7.15 for all simulation runs.
Meanwhile, low to high equifinality in simulating the NH3 volatili
sation rates is observed between regression equations of CERES-Rice and
DSSAT-CSM where the NSEs ranged from about 0 to 1.0. Notice that the
distributions of NSE differ when CERES-Rice is compared to DSSAT-CSM
versus DSSAT-CSM compared to CERES-Rice. The difference is caused
by the variance in the NSE formula which is dependent on the mean, y,
as explained in Section 2.4. Similarly, low to high equifinality in simu
lating the NH3 volatilisation rates is observed between regression
equations of APSIM-Oryza and DSSAT-CSM. Overall, the two regression
equations have low equifinality to Eq. (12) of DSSAT-CSM in simulating

the NH3 volatilisation rates. The low equifinality between the two
regression equations and Eq. (12) DSSAT-CSM is due to the con
ceptualisation of two wind speed functions to represent crop canopy
cover at two growth stages, i.e. LAI < 1 and LAI ≥ 1. Fig. 3a vs. 3b show
similarities between responses of CERES-Rice and APSIM-Oryza and
their discrepancies with DSSAT-CSM for LAI = 3. The 400 simulation
runs further support the conclusion that both CERES-Rice and APSIMOryza have low equifinality with respect to DSSAT-CSM in simulating
NH3 volatilisation for LAI > 1 (Figs. D6 and D7, Appendix D).
By comparing all four modules in Fig. 5, all three regression equa
tions of CERES-Rice, DSSAT-CSM and APSIM-Oryza, show low equifin
ality with respect to Jayaweera and Mikkelsen’s in simulating the NH3
volatilisation rates, as roughly 50% of the simulations show NSEs < 0.8,
when the floodwater depth, pH and temperature were varied. The low
equifinality between Jayaweera and Mikkelsen’s and the three regres
sion equations in simulating the NH3 volatilisation is most likely due to
the following. In all three regression equations the wind speed is con
ceptualised as a function of evaporation rate or LAI, while in Jayaweera
and Mikkelsen’s the wind speed is directly conceptualised. Meanwhile,
in the simulations, evaporation rates were varied, but the wind speed
was kept constant. It is further observed that for both CERES-Rice and
APSIM-Oryza NSEs > 0.8, mostly when the evaporation rates are be
tween 0 and 5 mm day− 1 (Figs. D8 and D9, Appendix D). The corre
sponding feasible LAI values are mostly above 2 for CERES-Rice and
APSIM-Oryza. In contrast, for DSSAT-CSM NSEs >0.8, mostly when
the evaporation rates are above 5 mm day− 1 and LAI is below 3
(Fig. D10, Appendix D).

Fig. 6. a) Time-varying urea hydrolysis rates simulated using Eq. (2) for 800 simulation runs of various combinations of evaporation rate, LAI, fpi, soil organic carbon
(5% and 13%) and sets of floodwater temperature, b) The corresponding NH3 volatilisation rates simulated using APSIM-Oryza, c) The NSEs and RMSEs of 400
simulation runs of NH3 volatilisation rates simulated using the time-varying urea hydrolysis rates for 5% soil organic carbon compared to NH3 volatilisation rates
simulated using fixed Kh , and d) NSEs and RMSEs of 400 simulation runs of NH3 volatilisation rates simulated using the time-varying urea hydrolysis rates for 13%
soil organic carbon compared to NH3 volatilisation rates simulated using fixed Kh .
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Of all six modules, Jayaweera and Mikkelsen’s and two of the
regression equations in CERES-Rice and DSSAT-CSM are completely
driven by measurements (i.e., wind speed, evaporation rate, floodwater
properties, or LAI) and no parameter is available for calibration. The
lack of calibrated parameters implies that the potential model structure
error will not be compensated through calibration of unknown param
eters. In contrast, the parameter Nlossfact in regression Eq. (13) requires
calibration due to often missing wind speed data (Gaydon et al., 2012),
and consequently, an estimate of Nlossfact accounts for some uncertainty
in the module structure and data. However, a disadvantage of a data
driven module is that not all required data may be available. The
parameter Nlossfact further gives flexibility to fit the response of
APSIM-Oryza to responses of all other modules, except for Chowdary’s.

numerical experimentation is a useful complement to model evaluation
when experimental data are sparse and of limited quality, where dif
ferences and similarities in model output responses subject to different
structures of modules for the estimation of NH3 volatilisation from a
floodwater surface are revealed. Chowdary’s lacks equifinality to
NFLOOD v.1, Jayaweera and Mikkelsen’s and the three regression
equations in CERES-Rice, DSSAT-CSM and APSIM-Oryza, as the former
does not simulate the fluctuating trends of NH3 volatilisation rates un
like the others. NFLOOD v.1 shows low equifinality to Jayaweera and
Mikkelsen’s and the three regression equations. The underlying
assumption that the NH3 volatilisation rate described by parameter Kv is
always proportional to the amount of NH3 in the floodwater does not
capture the possible high peaks of NH3 volatilisation simulated by the
more complex modules. The regression equation in APSIM-Oryza has
high equifinality to that of CERES-Rice in simulating in the NH3 vola
tilisation where 84% of 400 simulation runs have NSEs ≥ 0.9. Both
regression equations show high equifinality to that of DSSAT-CSM in
simulating the NH3 volatilisation for LAI ≤ 1, but lacks equifinality for
LAI > 1. This finding implies that trends of NH3 volatilisation produced
by DSSAT-CSM for flooded system with well-developed rice crop cannot
be reproduced by other modules. All three regression equations show
low equifinality with respect to Jayaweera and Mikkelsen’s in simu
lating the NH3 volatilisation, roughly 50% of the simulations show NSEs
< 0.8.
Occurrences of high equifinality between the three regression
equations and Jayaweera and Mikkelsen’s were at different combina
tions of evaporation rate and LAI. These variations imply that it is not
possible to fit the responses of all three regression equations to the
response of Jayaweera and Mikkelsen’s using the same combination of
input variables, i.e., evaporation rate, LAI and wind speed. Unlike the
Jayaweera and Mikkelsen’s, the three regression equations con
ceptualised the effect of crop canopy cover on the NH3 volatilisation.
It is important to consider two aspects prior to model selection: 1) the
capacity of modules/models with different hypotheses and mathemat
ical forms to simulate the same responses, and 2) the sensitivity of an
individual module/model with respects to its multi-parameters. The first
aspect is addressed by this study, while the second aspect shall be
thoroughly addressed in a follow-up study via a full global sensitivity
and uncertainty analysis of the NH3 volatilisation modules. Findings
presented in this article are valuable for users to identify sources of
discrepancies or similarities in model simulations, to interpret simula
tions critically, to make an informed model selection instead of arbitrary
selection, to design new experiments and to improve an existing module
or in case of missing input data by adopting an additional module, such
as the floodwater pH component. The approach in this study, where
comparisons were conducted at module-level, can be generalised to
other applications.

3.5. Effects of two urea hydrolysis modules on the simulated rate of NH3
volatilisation
Simulations in Sections 3.3 to 3.4 assumed a first-order urea hy
drolysis with a constant rate coefficient, Kh = 0.064 2-h-1 (Eq. (1)).
However, as an alternative to Eq. (1), first-order urea hydrolysis, with a
time-varying rate coefficient given by Eq. (2), can also be used. Eq. (2)
allows various trends of urea hydrolysis without a user’s interference
once the required inputs (e.g., soil organic C % and floodwater prop
erties) have been specified. Some of these trends can be approximated by
the simpler Eq. (1) by changing the value of Kh , except when there are
occasional spikes from the exponentially decreasing trend (Fig. 2).
Therefore, we investigated to what extent these deviations would
influence the subsequent NH3 volatilisation. NH3 volatilisation regres
sion equation of APSIM-Oryza was selected for this investigation and
both urea hydrolysis modules were used to simulate the total
ammoniacal-N in the floodwater. Fig. 6a shows the time-varying urea
hydrolysis rates simulated using Eq. (2) for 800 simulation runs of
various combinations of evaporation rate, LAI, fpi, floodwater temper
ature and soil organic carbon (5% and 13%). The amount of urea
hydrolysed becomes input to the subsequent NH3 volatilisation process.
The corresponding NH3 volatilisation rates are shown in Fig. 6b.
Fig. 6c and d shows NSEs and RMSEs for comparison between the
NH3 volatilisation rates simulated using the time-varying urea hydro
lysis as input versus the NH3 volatilisation rates simulated using the
constant urea hydrolysis rate as input. Fig. 6c suggests that for low soil
organic carbon (5%), responses of the two modules of urea hydrolysis
result in low to high equifinality where NSE ranges from about − 1 to 1.
RMSE ranges from about 0.12 to 2.20 kg N ha− 1 2-h-1. Meanwhile,
Fig. 6d shows, for high soil organic carbon (13%), small deviations be
tween the NH3 volatilisation rates simulated using the time-varying urea
hydrolysis as input versus the NH3 volatilisation rates simulated using
the fixed urea hydrolysis rate as input, where the majority of the 400
NSE values are close to 1 and the respective RMSE values are small,
ranging from 0.01 to 0.92 kg N ha− 1 2-h-1. The results in Fig. 6c indicate
that the two different urea hydrolysis modules will result in significant
differences in the simulated NH3 volatilisation rates for low soil organic
C. It is also inferred that some of the discrepancies between the re
sponses produced using the two urea hydrolysis modules may be
reduced should Kh be manually adjusted to fit each of the hydrolysis
curve.
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4. Conclusions
In this study, we demonstrated that a comparative assessment via
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Appendix A. Synthetic input data for simulations

Fig. A.1. The synthetic two-hourly: a) floodwater pH, and b) baseline floodwater temperature (dots), +5 ◦ C to the baseline (+) and − 5 ◦ C from the baseline (x) in
degree Celsius.

Fig. A.2. Concentrations of ammoniacal-N in floodwater of a fertilised and flooded rice system from 14 to 27 days after transplanting, at Los Baños, Philippines,
digitised from Fillery et al. (1984). The system was broadcasted with 60 kg urea-N ha− 1.
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Appendix B. Summary of scenarios
Table B.1
Summary of settings for evaluations of urea hydrolysis modules
Scenario

Process Urea hydrolysis

1.1
1.2

Settings
Rate coefficient

Eq. (1)
Eqs. (2)–(7)

1.3

Eqs. (2)–(7)

1.5

Eqs. (2)–(7)

1.6

Eqs. (2)–(7)

Xw

LAI

Tw

fni

fpi

K̃h simulated

–
2

–
0

–
Synthetic

–
Simulated

–
1.0

0.10
0.10

K̃h simulated

2

0

Synthetic

Simulated

0.5

0.10

K̃h simulated

2

Kh = 0.0667 2-h

Eqs. (2)–(7)

1.4

a

OC %

-1

K̃h simulated

20

K̃h simulated

2

0

Synthetic

1

Simulated
[Nw ] at Los Bañosb

Synthetic

3

1.0
1.0

[Nw ] at Los Bañosb

Synthetic

0.10

0.10

1.0

0.10

OC % is percentage of organic carbon in topsoil layer, LAI is leaf area index, T w is floodwater temperature (◦ C), fni is floodwater nitrogen index (non-dimensional), fpi
is floodwater phosphorus index (non-dimensional), [Nw ] is total ammoniacal-N in the floodwater (mg L-1), and Xw is floodwater depth (m).
a
fpi = 1.0 for a system with phosphorus supply, and fpi = 0.5 for a system without phosphorus supply.
b
Sub-daily [Nw ] in floodwater was adapted from Fillery et al. (1984) (Appendix A).
Table B.2
Summary of settings for evaluations of ammonia volatilisation modules
Scenario

Process NH3 volatilisation

2.1C
2.1NF
2.1JM
2.1CR
2.1DC
2.1AO
2.2CR
2.2DC
2.2AO
2.3CR
2.3DC
2.3AO

Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.

(8)
(9)
(10)
(11)
(12)
(13)
(11)
(12)
(13)
(11)
(12)
(13)

Settings
Rate coefficient

U8

LAI

Tw

pHw

fpi a

evap

fni

Kv = 0.2 2-h-1
Kv = 13 2-h-1
–
–
–
Nlossfact = 7.15
–
–
Nlossfact = 7.15
–
–
Nlossfact = 7.15

–
–
13 ms-1
–
–
–
–
–
–
–
–
–

–
–
–
1
1
1
1
1
1
3
3
3

synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
synthetic

synthetic
synthetic
synthetic
synthetic
synthetic
synthetic
simulated
simulated
simulated
simulated
simulated
simulated

–
–
–
1
1
1
1
1
1
1
1
1

–
–
–
4 mm
4 mm
4 mm
4 mm
4 mm
4 mm
4 mm
4 mm
4 mm

–
–
–
f([Nw])
f([Nw])
f([Nw])
f([Nw])
f([Nw])
f([Nw])
f([Nw])
f([Nw])
f([Nw])

day-1
day-1
day-1
day-1
day-1
day-1
day-1
day-1
day-1

For scenarios in Table B2, a first-order urea hydrolysis with K_h ≈ 0.0667 2-h-1 was simulated to produce total ammoniacal-N in the floodwater as input to the ammonia
volatilisation modules. U8 is wind speed, evap is evaporation rate, and [Nw] is nitrogen concentration. For simulation of floodwater pH (Eqs. (11)–(13)), the initial pH
was set to 7, and a first-order urea hydrolysis with a constant Kh was assumed as input.

Appendix C. Jayaweera and Mikkelsen (1990) model
The molar concentration NH3 volatilisation in hour− 1,
K̃ v =

kON
Xw

(C.1)
H .k .k

HN
where, Xw is floodwater depth in cm, and kON = HnNnN.kgNgN+klNlN , is in cm hour− 1. Dimensionless Henry’s law constant, HnN= RT
w , with gas constant R =

8.315 × 10−

6

MPa m3 mol−

1

K− 1, Tw is floodwater temperature in K, and HN = [NH3P]N , with partial pressure of NH3 in the gas phase in equilibrium
molar
⎞
⎛

with the solution in MPa, PN = 18.62⎝e−

1229
Tw

− 3
⎠XN , and [NH3 ]
molar is molar concentration of NH3 in solution in mol N m . Dimensionless mole fraction
w

of NH3 in floodwater solution, XN = α[Nw ]/17.03 +(1−αα[N)[N]/17.03
w ]/18.04 +106 ρ
water in g cm−

3

w /18.02

, where [Nw ] is total ammoniacal-N concentration in mg N L− 1, ρw is density of
pHw − pK

10
for a respective floodwater temperature, and dimensionless fraction of NH3, α = 1+10
pHw − pK , with dimensionless temperature factor,

w
pK = 0.0897 + 2729
constant for NH3 in cm hour− 1, kgN = 19.0895 + 742.3016.U8 , and
Tw , where T is floodwater temperature in K.(Gas phase exchange
)
12.5853
liquid phase exchange constant for NH3 in cm hour− 1, klN = 1+43.0565
1.6075, with U8 is wind speed in m s− 1. See Jayaweera and Mikkelsen
− 0.4417.U8

(1990) for the complete model and its derivation.
The association constant in s− 1,
(C.2)

ka = 3.8 × 1011 − 3.4 × 109 T w + 7509700T w
The dissociation constant in mol N s− 1, kd = K × ka , where
K = 10−

(C.3)

pK
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Appendix D. Additional simulations

Fig. D1. Rates of NH3 volatilisation simulated using: a) NFLOOD v.1 with the Kv = 1.5 2-h-1, b) Jayaweera and Mikkelsen’s with wind speed at 5 m s−
APSIM-Oryza with Nlossfact = 0.4 and evaporation rate of 4 mm day− 1.

1

and c)

Fig. D2. NH3 volatilisation rates simulated using Eq. (11) of CERES-Rice for the 400 scenarios of various combinations of evaporation rate, LAI, floodwater depth: a)
fpi = 1 and baseline floodwater temperature, b) fpi = 0.5 and baseline floodwater temperature, c) fpi = 1 and − 5 ◦ C from the baseline floodwater temperature, and d)
fpi = 1 and + 5 ◦ C from the baseline floodwater temperature.
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Fig. D3. NH3 volatilisation rates simulated using Eq. (12) of DSSAT-CSM for the 400 scenarios of various combinations of evaporation rate, LAI, floodwater depth: a)
fpi = 1 and baseline floodwater temperature, b) fpi = 0.5 and nominal floodwater temperature, c) fpi = 1 and − 5 ◦ C from the baseline floodwater temperature, and d)
fpi = 1 and + 5 ◦ C from the baseline floodwater temperature.
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Fig. D4. NH3 volatilisation rates simulated using Eq. (13) of APSIM-Oryza for the 400 scenarios of various combinations of evaporation rate, LAI, floodwater depth:
a) fpi = 1 and baseline floodwater temperature, b) fpi = 0.5 and nominal floodwater temperature, c) fpi = 1 and − 5 ◦ C from the baseline floodwater temperature, and
d) fpi = 1 and + 5 ◦ C from the baseline floodwater temperature.
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Fig. D5. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between CERES-Rice and APSIM-Oryza. The * and dots indicate
combinations of parameters where NSE < 0.8 and NSE ≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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Fig. D6. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between CERES-Rice and DSSAT-CSM. The * and dots indicate com
binations of parameters where NSE < 0.8 and NSE ≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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Fig. D7. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between APSIM-Oryza and DSSAT-CSM. The * and dots indicate
combinations of parameters where NSE < 0.8 and NSE≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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Fig. D8. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between CERES-Rice and the Jayaweera and Mikkelsen’s. The * and dots
indicate combinations of parameters where NSE < 0.8 and NSE ≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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Fig. D9. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between APSIM-Oryza and the Jayaweera and Mikkelsen’s. The * and
dots indicate combinations of parameters where NSE < 0.8 and NSE ≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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Fig. D10. Scatter plots of behavioural parameters for the 400 simulation runs for comparison between DSSAT-CSM and the Jayaweera and Mikkelsen’s. The * and
dots indicate combinations of parameters where NSE < 0.8 and NSE ≥ 0.8, respectively. The ΔT is the value added to the baseline floodwater temperature dynamics.
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