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Complex rice crop models are sometimes evaluated with limited data. A one-round validation approach is
typically used, in which data is arbitrarily divided into two or more mutually exclusive sets. Some sets are used
for calibration, while others are used for validation. It is unknown whether a more structured cross-validation
approach would result in variations in the calibrated parameters when applied to the same data sets. The ob
jectives of this paper are (i) to calibrate and evaluate the performance of ORYZA (v3) for simulation of highyielding MR269 rice variety physiological traits grown in Malaysian rice fields with limited data using a
cross-validation approach; and (ii) to assess crop genetic parameter variability that resulted from the crossvalidation approach and explore the benefits of the approach with limited data. The cross-validation approach
produces six calibrated crop parameter sets (three calibration–validation combinations for two parameter co
horts). Further validation with independent field data sets revealed that two of the six calibrated crop parameter
sets produced satisfactory to good fits for the crop dry biomass of green leaves, panicles, and stems, as well as the
dry total aboveground biomass of MR269 (NSE ≥ 0.5). This study implies that the plausibility of multiple feasible
parameter sets must be acknowledged, and a more robust calibration approach must be considered when
working with a complex crop model with limited data. The systematic cross-validation approach as demonstrated
in this study allows for a more extensive model evaluation given small data sets.

1. Introduction

2016). However, these approaches require extensive manual work and
are both time-consuming and costly. As an alternative, crop growth
model simulations can be used to conduct complex scenario studies to
explore opportunities for increasing system productivity and forecasting
the effects of climate change on production at a lower cost and with less
manual work (Gaydon et al. 2012, Li et al. 2020). Several models for
forecasting rice crop growth have been developed since the 1990s. For
instance, CERES-rice (Godwin and Singh 1998), which is now embedded
in DSSAT (Jones et al. 2003, Hoogenboom et al. 2019), DNDC-rice (Li
et al. 2004), RiceGrow (Tang et al. 2009), APSIM-Oryza (Keating et al.
2003, Gaydon et al. 2012), ORYZA2000 (Bouman et al. 2001) and its

Rice is a staple food for more than half of the world’s population and
is cultivated on approximately 156 million ha of land globally (FAO
2013). Nitrogen (N) fertilizer is one of the macronutrients used to in
crease rice grain yield, and it must be managed efficiently to improve N
uptake by rice crops to maximize rice production. Experiments in the
field, pot culture, or greenhouse are commonly used to determine rec
ommended management practices by comparing the effects of different
fertilizer amounts and timing, water management, and rice varieties on
rice crop growth and grain production (Fageria et al. 2014, Liu et al.
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recent modification called ORYZA (v3) (Li et al. 2017), and others.
Extensive evaluation of rice crop models such as CERES-Rice,
ORYZA2000, and ORYZA (v3) for rice varieties have been conducted
in China (Yuan et al. 2017, Xu et al. 2018, Lu et al. 2020), India (Halder
et al. 2020, Jha et al. 2020), Iran (Amiri et al. 2014, Tari et al. 2017), and
the Philippines (Li et al. 2016, Radanielson et al. 2018). Fewer evalua
tions of rice crop models have been reported for Thailand (Wikarm
papraharn and Kositsakulchai 2010, Babel et al. 2011, Boling et al.
2011), Indonesia (Agustiani et al. 2018), and Vietnam (Tan Yen et al.
2019). These studies show the need to calibrate a rice crop model for
local conditions and varieties. A comprehensive rice crop model evalu
ation for Malaysian rice varieties using multiple crop physiological
traits, such as the leaf area index (LAI) and separate crop organs
biomass, is severely lacking. Existing research focuses on scenario
studies rather than calibration. Vaghefi et al. (2011) used the
ORYZA2000 model to investigate the effects of temperature and carbon
dioxide changes on the Malaysian rice economy, but they did not eval
uate the model’s performance against any crop physiological traits.
Vaghefi et al. (2016) used the DSSAT to forecast rice grain yield in eight
granary areas but did not report model performance against crop
physiological traits other than total rice grain yield in the eight gra
naries. Shaidatul Azdawiyah et al. (2014) investigated the effects of
planting dates only on rice grain yield using the CERES-Rice model,
which was embedded in DSSAT v4.5.
Only a few studies have examined the effects of variability in cali
brated crop parameters obtained from a cross-validation approach on
simulated crop physiological traits. For example, Xu et al. (2018)
discovered that the parameters of ORYZA (v3) calibrated under four
different N and irrigation treatments varied in the case of the Japonica
Nanjing 46 rice variety. Following cross-treatment validations, it was
discovered that crop parameters calibrated for a specific treatment can
predict the biomass of total aboveground and panicles observed in the
other three treatments, with an R2 ranging from 0.97 to 0.99. Another
study conducted a similar analysis using ORYZA (v3) on total above
ground and panicle biomass, as well as total N content in leaves and
panicles. In this study, R2 in cross-treatment validations ranged from
0.85 to 0.99 (Hameed et al. 2019). Both studies do not provide in-depth
analyses of the effects of parameter variability on critical crop traits such
as LAI and the biomass of green leaves, dead leaves, and stems.
A rice crop growth model is complex due to multiple inputs required
for simulations, such as weather, soil, water, and crop data. From a
modeling standpoint, the system can be classified as an ill-defined sys
tem, in which unknown parameters of the complex crop model cannot
be uniquely identified from the limited quantity and quality of data.
Nissanka et al. (2015) discussed the difficulty of finding a unique set of
parameters in a complex rice crop model, but the importance of
parameter uncertainty is still commonly overlooked. Although
comprehensive data is ideal, it is not always feasible to collect large
amounts of data to calibrate a model due to research resource con
straints. Complex rice crop models are sometimes evaluated with limited
data. Several studies evaluated rice crop models mainly using rice yield
data, but the models could also be used to estimate other crop compo
nents (Babel et al. 2011; Shaidatul Azdawiyah et al. 2014; Vaghefi et al.
2016). Commonly, a one-round validation approach is used (Amiri et al.
2014, Tan Yen et al. 2019, Lu et al. 2020), in which data is arbitrarily
divided into two or more mutually exclusive sets. Some sets are used for
calibration, while others are used for validation (Kohavi 1995). The
calibration outcomes may be highly dependent on the division of the
data for calibration and validation using this approach, especially with
limited data. It is unknown whether and to what extent a more struc
tured cross-validation approach would result in variations in the cali
brated parameters if applied to the same data sets. It is yet to be explored
what could be gained from the cross-validation outcomes under limited
data conditions.
Thus, the objectives of this paper are (i) to calibrate and evaluate the
performance of ORYZA (v3) for simulation of high-yielding MR269 rice

variety physiological traits grown in Malaysian rice fields with limited
data using a cross-validation approach; and (ii) to assess crop genetic
parameter variability that resulted from the cross-validation approach
and explore the benefits of the approach with limited data.
2. Materials and methods
2.1. Field observation
A field experiment was conducted from February to June 2018 on a
0.4 ha lot at the IADA KETARA rice granary in Besut, Terengganu,
Malaysia (5.717497N, 102.492691E). The study area is in the equatorial
region and has a tropical climate. The area is approximately 10 m above
sea level based on Shuttle Radar Topography Mission version 3 data
(ground survey not available). The Northeast Monsoon typically begins
in early November and end in March of the following year. Heavy
rainfalls are expected from November to December. Enough water
supply can be ensured during the off-season through irrigation struc
tures that channel water from Jajar Dam. Rice is cultivated at IADA
KETARA between August and February and between March and July.
Many farmers continue to broadcast rice seeds on their fields, and rice
fields are typically kept flooded for the majority of the growing season.
A split-plot randomized complete block design was used for the
experiment. The main factor in this study is the N rate, which was ar
ranged into four blocks to cater for soil inhomogeneity, while the sub
plot factor is rice variety. MR269 was one of the rice varieties studied.
There were three N treatments: T1 (76 kg N ha− 1), T2 (109 kg N ha− 1),
and T3 (142 kg N ha− 1). T2 is the farmers’ practice and is regarded as a
control. T1 is 30% less than T2, while T3 is 30% more than T2. The total
N fertilizer was divided into three applications: 39% was applied 18 days
after sowing (DAS), 42% at 39 DAS, and 19% at 55 DAS. The first
application is an NPK 17–20-10 composite fertilizer, the second is urea,
and the third is an NPK + MgO 17–3-25–2 composite fertilizer. The N
treatments were varied to induce differences in the crop growth for the
dynamic data collection required for model evaluation. The subplots
were continuously flooded throughout the experiment to ensure po
tential water conditions, except for the last 15 days before harvesting.
The size of each subplot was 11 m × 5 m. The land preparation began in
early January 2018. The area was tilled twice with a tractor. Bunds were
created to separate each subplot. The bunds were covered with poly
ethylene plastics, which were extended below the bunds to prevent N
seepage. A scrapper was used to manually till the soil a third time. Rice
seeds were broadcast manually to follow farmers’ prsactices. Details can
be found in Muharam et al. (2021) and Che Hashim et al. (2022).
A weather station (WatchDog, Spectrum Technologies, Aurora, IL,
USA) was installed next to the field to record wind speed (V in km h− 1),
solar radiation (SR in W m− 2), relative humidity (RH in %), precipitation
(P in mm), and surrounding temperature (T in ◦ C). From 1 January 2018
to 30 August 2018, a total of 747 mm of P was recorded, with T ranging
between 23 and 33 ◦ C. The daily average SR and V were approximately
18.9 MJ m− 2 day− 1 and 0.25 m s− 1, respectively. Details are provided in
the supplementary materials (Fig. A.1). Soil samples collected from the
site were analyzed for soil organic matter using the loss on ignition
method, while soil total N (%) and total carbon (%) were determined
using TruMac CNS200 (LECO Inc., Michigan, USA). The percentages of
sand, silt, and clay were analyzed using the pipette method.
The rice crop physiological traits measured included the LAI (cm2)
using benchtop leaf area meters (Li-Cor 3100C, Li-cor Inc., Lincoln, NE,
USA), and dry biomass of green leaves, dead leaves, stems and panicles.
The LAI sampling was destructive. These measurements were taken at
three stages of paddy growth: 36–39 DAS (mid vegetative), 62–65 DAS
(early reproductive), and 83–86 DAS (early ripening). The crop growth
stage at these sampling campaigns follows the principal growth stage
defined by DOA (2015b).
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2.2. Data requirements of the ORYZA (v3) model

2.5. Calibration of crop genetic parameters

The ORYZA (v3) executable (International Rice Research Institute,
Los Baños, Philippines) requires inputs defined in four main files:
weather, experiment, soil and crop (Bouman et al. 2001; Li et al. 2017).
The ORYZA (v3) package also includes four executable files: SoilHydrau,
DRATE(v2), PARAM(v2), and AutoCalibration.
The weather file defines the minimum and maximum temperatures,
actual vapor pressure (Ea in kPa), SR (kJ m− 2 day− 1), average V (m s− 1),
and P (mm day− 1). The formula for daily saturated vapor pressure is Ea
= EsRH/100, where Es = 0.6108 × 107.5T/(237.5+T). The experiment file
defines the farm management data, including planting method, N fer
tilizer and irrigation management, and observed physiological crop
traits (Table A.2). The soil file defines the soil physical and chemical
properties (Table A.1).
The percentages of clay, sand, and soil organic matter were used to
estimate the soil bulk density (g cm− 3), saturated volumetric water
content (m3 m− 3), volumetric water content at field capacity (m3 m− 3),
volumetric content at wilting point (m3 m− 3), volumetric water content
at air dryness (m3 m− 3), and saturated hydraulic conductivity (cm d-1)
using a pedotransfer function programmed in SoilHydrau (International
Rice Research Institute, Los Baños, Philippines).

The ORYZA (v3) calibration package, which consists of three
executable files, DRATE(v2), PARAM(v2), and AutoCalibration, was
used to calibrate the selected crop parameters. Using the observed
phenology dates (i.e., day and year) of panicle initiation, flowering, and
maturity, the DRATE(v2) was used to calibrate the development rates in
four phases: juvenile phase (DVRJ, ◦ C day− 1), photoperiod-sensitive
phase (DVRI, ◦ C day− 1), panicle development (DVRP, ◦ C day− 1), and
reproductive phase (DVRR, ◦ C day− 1).
The PARAM(v2) was used to estimate the values for the specific leaf
area (SLA, ha kg− 1), the fraction shoot dry matter partitioned to the
leaves (FLV, unitless), the fraction shoot dry matter partitioned to the
stems (FST, unitless), the fraction shoot dry matter partitioned to the
panicles (FSO, unitless), the fraction of carbohydrates allocated to stems
(FSTR, unitless) and the leaf death rate coefficient (DRLV, day− 1) based
on the observed LAI, dry biomass of panicles, stems, green leaves, and
dead leaves, and dry total aboveground biomass. The FLV, FST, and FSO
fractions were summed up to one. The resulting values were used as the
initial parameter values to run the AutoCalibration. More parameters
can be included in the calibration process with the AutoCalibration.
Parameters RGRLMX, RGRLMN, SLAMAX, and ASLA were added, as
shown in Table 1. The maximum and minimum relative growth rates of
leaf area are RGRLMX and RGRLMN, respectively. The SLA function has
two parameters: SLAMAX and ASL. Due to parameter unidentifiability
issues, the number of calibrated parameters was gradually increased to
ensure the least number of parameters were used to fit the observed
data.
All calibration parameters were chosen based on their relevance to
field observations and recommendations in the ORYZA (v3) manual and
literature (IRRI, 2014; Yuan et al., 2017). After a global sensitivity
analysis, DVRJ, DVRI, DVRP, DVRR, FLV, FST, FSO, DRLV, RGRLMX,
RGRLMN, SLA, and ASLA were identified among the most sensitive
parameters (Soundharajan and Sudheer 2013, Tan et al. 2016, Liu et al.
2019). Default values were used for the other parameters in the crop file
that were not calibrated using these executable files. Some of these
parameters are time-varying and are related to the key developmental
stages of rice (DVSM), with emergence estimated at DVSM = 0, the end
of the juvenile stage at DVSM = 0.4, panicle initiation at DVSM = 0.65,
flowering at DVSM = 1, and physiological maturity at DVSM = 2 (Liu
et al. 2019).

2.3. Data set partitioning for model calibration and cross-validation and
scenario simulations
The data sets from one N treatment were used for calibration, and the
data sets from the remaining two N treatments were used for crossvalidations (Kohavi 1995, Bennett et al. 2013). The model was cali
brated and cross-validated three times in this study, as shown in Fig. 1.
2.4. Independent data for validation
The model was validated using rice crop physiological data collected
on two farmers’ plots (Lot 2789 and Lot 1538) from August to November
2017 (Table A.3). The final crop traits were collected on harvest day,
and thus the harvest data was shifted to seven days earlier as the model
simulations ceased on the first day of crop maturity. The same experi
ment file was used, assuming all plots were in the same cultivation zone.
The weather data were retrieved from the aforementioned weather
station. Details are provided in Fig. A.2. A potential water condition was
assumed. The sizes of Lot 2789 and Lot 1538 are 0.6 ha and 1 ha,
respectively. The farmers were in charge of the plots’ management. Rice
seeds were manually broadcast on the plots. Fertilizers were applied in
three splits on Lot 2789: 120 kg of NPK 17–20-10 composite fertilizer
was applied at 27 DAS, 60 kg of urea (46 % N) at 40 DAS, and 75 kg of
NPK 17–3-25 composite fertilizer at 62 DAS. The same amount of fer
tilizer was applied to Lot 1538, but on 17, 31, and 51 DAS. After the
validation process, all the resulting calibrated parameter sets were used
to simulate two distinct N scenarios, i.e., a total of 0 and 500 kg N ha− 1
for qualitative evaluations.

2.6. Statistical analysis
The Nash–Sutcliffe efficiency (NSE), also known as the coefficient of
determination by crop modelers, was used to evaluate the performance
of ORYZA (v3), along with percent bias (PBIAS), and normalized root
mean square error (nRMSE). The NSE, PBIAS, and nRMSE are defined as
follows (Moriasi et al. 2008):
∑n
(Oi − Si )2
NSE = 1 − ∑n i=1
(1)
2
i=1 (Oi − Omean )
PBIAS =

T1 set

T1 set

T1 set

T2 set

T2 set

T2 set

T3 set

T3 set

T3 set

First group

Second group

Third group

∑n
i=1 (Oi − Si )
∑n
× 100%
i=1 Oi

Table 1
Crop genetic parameters calibration using the AutoCalibration.exe group.

Fig. 1. Cross-validation procedure. Red boxes indicate calibration set and blue
boxes indicate cross-validation sets. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of
this article.)
3

Cohort

No. of
parameters

Calibrated crop parameters

Cohort
1

12

Cohort
2

14

DVRJ, DVRI, DVRP, DVRR
FSTR, FSO, FLV, FST, DRLV, SLA, RGRLMX,
RGRLMN
DVRJ, DVRI, DVRP, DVRR
FSTR, FSO, FLV, FST, DRLV, SLA, RGRLMX,
RGRLMN, SLAMAX, ASLA

(2)
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√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n
2
i=1 (Oi − Si )
nRSME =
× 100%
Omean
n
1

∑n
(SAi − SBi )2
,
NSEmod = 1 − ∑n i=1
2
i=1 (SAi − SAmean )

(3)

where SAi and SBi are the respective model output responses of models A
and B, n is the number of SAi and SBi pairs of data, i is the ith data pair,
and SAmean denotes the mean of the responses of model A.

where O is the observation, S is the simulated model output, n is the
number of O and S pairs of data, i is the ith data pair, and Omean denotes
the observed mean in the experiment.
The NSE represents the agreement between observations and simu
lations. An NSE of 1 indicates a perfect fit between observations and
model simulation; whereas an NSE of 0 indicates that the model simu
lation is as good as using the observed mean as the predictor. An NSE ≤
0 indicates that the observed mean is a better predictor compared to the
model simulation, whereas 0 < NSE < 1 indicates that the model
simulation is better than the observed mean as the predictor. When 0.5
≤ NSE < 0.65, the model is considered satisfactory, and NSE ≥ 0.65 is
considered good (Moriasi et al. 2008).
PBIAS calculates the average tendency of the simulated values to be
larger or smaller than observed values. According to Eq. (3), a positive
PBIAS indicates an underestimation bias, while a negative PBIAS in
dicates an overestimation bias. The nRMSE reflects the relative error
between simulations and observations, and the smaller it is, the better
the performance.
The coefficient of variation %CV is used to determine the variations
across the parameter values θ calibrated in the different calibra
tion–validation sets. The formula of %CV (Xu et al. 2018) is as follows:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
)2
√
√ ∑n
∑n
√1
1
i=1 θi − n
i=1 θi
n
%CV =

1
n

∑n

i=1 θi

× 100%

(5)

3. Results and discussion
3.1. Evaluation of the ORYZA (v3) performance
Fig. 2 shows the results of the calibration of the MR269 crop file with
T1 and cross-validations with T2 and T3 (first group). Fig. 3 shows the
results of the calibration with T2 and cross-validations with T1 and T3
(second group), while Fig. 4 shows the results of calibration with T3 and
cross-validations with T1 and T2 (third group). The figures suggest a
satisfactory fit between observed and simulated values for most of the
crop physiological traits for all treatments and both cohorts 1 and 2
(Table 1) because of the close agreement between the dashed lines and
the solid lines. The model tends to slightly underestimate the dry
biomass of stems, while some of the simulated dry biomass of dead
leaves and LAI show discrepancies.
Fig. 5 shows the boxplots of the NSE of biomass components and LAI
for the calibrations and cross-validations for cohorts 1 and 2. For more
information on these cohorts, see Table 1. The NSE values are mostly
greater than 0.65, with an overall average and median of 0.84 and 0.93,
respectively, indicating that the ORYZA (v3) model performed well in
simulating crop physiological traits for the MR269 Malaysian rice va
riety. A closer inspection reveals that the first group for both cohorts has
the widest range of NSE, ranging from 0.14 to 0.99. Nonetheless, the
average and median in the first group are high, at about 0.80 and 0.90,
respectively, indicating that only a few traits performed poorly in cross-

(4)

The modified NSE (Nurulhuda et al. 2020) is used to compare the
similarities between two model responses as follows:

Fig. 2. First group cross-validations: a) calibration with T1, b) cross-validation with T2 and c) cross-validation with T3. All dashed lines are for cohort 1 and all solid
lines are for cohort 2. In left panels: dry total above-ground biomass (blue, x), dry biomass of stem (red, o), green leaves (green, +), and panicles (purple, ◆). LAI is
the leaf area index. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
4
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Fig. 3. Second group cross-validations: a) calibration with T2, b) cross-validation with T1 and c) cross-validation with T3. All dashed lines are for cohort 1 and all
solid lines are for cohort 2. In left panels: dry biomass of total aboveground (blue, x), dry biomass of stem (red, o), green leaves (green, +), and panicles (purple, ◆).
LAI is the leaf area index. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

validations. Further investigation reveals that the dead leaves in the first
group have a poor agreement between observations and simulations.
Fig. 6 shows that the first group cross-validations have the largest
PBIAS, where negative values indicate model overestimation compared
to observations. A closer look at the PBIAS values and Fig. 2 reveals that
the dry biomass of dead leaves is overestimated. In contrast, the positive
values in the second group indicate underestimations of various crop
traits by the model, as shown in Fig. 3. The third group has a more
balanced distribution of PBIAS.
Fig. 7 shows the boxplots of PBIAS for all calibrations and crossvalidations of cohorts 1 and 2 grouped by simulated traits. The model
is found to underestimate the dry biomass of total aboveground, stems,
and green leaves, while overestimating the LAI. Other studies have also
reported both underestimation and overestimation of LAI (Wikarm
papraharn and Kositsakulchai 2010, Yuan et al. 2017). The dry biomass
of dead leaves and panicles is both underestimated and overestimated.
Fig. 8 shows the nRMSE distribution of all calibrations and crossvalidations for cohorts 1 and 2. The figure shows that LAI has the
lowest nRMSE, ranging from about 2–26%, followed by dry biomass of
green leaves, ranging from about 5–27%, and dry total aboveground
biomass, ranging from about 11–30%. These results are consistent with
previous research, which found nRMSE values ranging from 7 to 34% for
dry bisomass of total aboveground stems, panicles, green leaves, and LAI
for both calibration and validation sets (Cao et al. 2017, Yuan et al.
2017, Xu et al. 2018, Lu et al. 2020). Meanwhile, Li et al. (2016) found
LAI (16–70%) and green leaves (14–70%) have wider nRSME ranges,
while total aboveground dry biomass (4–20%), panicles, (3–18%), and
stems (1–38%) have smaller ranges across eleven rice varieties. Our
study found a higher nRMSE for dry biomass of stems ranging from 17 to
53%, but approximately 75% of these nRMSE values are less than 40%.
Panicles also have a wider nRSME range, ranging from 8 to 84%. Further
analysis of the panicle boxplots reveals that half of the nRMSE values are

less than 40%. The nRMSE for panicles ranging from 29 to 47% is
observed in the third group of both cohorts 1 and 2.
The nRMSE for the dead leaves is higher than other traits for both
cohorts, ranging from 9 to 98%. Li et al. (2016) also discovered a high
nRMSE for dead leaves of up to 105% for the NSICRc158 variety. The
dead leaves are the least evaluated traits in many studies (Cao et al.
2017, Yuan et al. 2017, Lu et al. 2020).
Next, the NSE, PBIAS, and nRMSE were all interpreted in tandem.
The bias in the estimates of dead leaves and panicles was observed in
both directions, whereas other crop traits were either underestimated or
overestimated. The nRMSE range for many crop traits is consistent with
previous research. Although the nRMSE range for the panicles is up to
about 84%, half of these nRMSE values are less than 40%. More
importantly, the nature of the data with the observation average in the
denominator heavily penalizes the nRMSE given by Eq. (3). Unlike the
remaining crop traits, the first three observed panicles have values close
to 0 (see Figs. 2–4), which reduces the value of the denominator,
resulting in a higher nRMSE. In contrast, visual inspection of Figs. 2–4
indicates a reasonable fit of the panicles. The NSE is a common indicator
of agreement between simulations and observations. Except for the dry
biomass of dead leaves in the first group, all NSE ≥ 0.65 in crossvalidations have an average and median of 0.84 and 0.93, respec
tively, which indicate good performance and do not provide a basis for
rejecting all six calibrated parameter sets in all three groups of both
cohorts 1 and 2.
Table 2 shows the NSE as a result of validation with independent data
sets from two farmers’ plots. When simulated with calibrated parame
ters, dry biomass of total aboveground, panicles, and green leaves
yielded satisfactory to good validation results in the second group of
cohorts 1 and 2. Except for stems on Lot 1538, these results are
marginally better than those calibrated in the third group. Satisfactory
to good validation results were obtained for dry biomass of total
5
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Fig. 4. Third group cross-validations: a) calibration with T3 N treatment, b) cross-validation with T1 and c) cross-validation with T2. All dashed lines are for cohort 1
and all solid lines are for cohort 2. In left panels: dry total above-ground biomass (blue, x), dry biomass of stem (red, o), green leaves (green, +), and panicles (purple,
◆). LAI is the leaf area index. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

a) Cohort 1

b) Cohort 2

Fig. 5. Boxplots of the Nash-Sutcliffe efficiency (NSE) for all calibrations (C) and cross-validations (V) results of MR269 crop files for a) cohort 1 and b) cohort 2. An
NSE greater than or equal to 0.65 is considered good.

aboveground and stems, but occasionally unsatisfactory validation re
sults (0.36 ≤ NSE ≤ 0.47) were observed for dry biomass of panicles or
green leaves in the third group of cohorts 1 and 2. Unsatisfactory fits
were observed for dead leaves, and similar results were observed during
calibration. Unlike the calibration results, unsatisfactory fits were
observed for LAI. The parameters calibrated in the first group of both

cohorts produced unsatisfactory fits for most of the crop components.
The PBIAS% results in Table 3 show that the model tends to over
estimate the observed traits in the validation step.

6
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a) Cohort 1

b) Cohort 2

Fig. 6. Boxplots of the percent bias (PBIAS) of all calibrations (C) and cross-validations (V) results of MR269 crop files for a) cohort 1 and b) cohort 2.

Fig. 7. Boxplots of the percent bias (PBIAS) of all calibrations and cross-validations for cohorts 1 and 2. LAI is the leaf area index.

Fig. 8. Boxplots of the percentage of nRMSE in all calibrations and cross-validations for cohorts 1 and 2. LAI is the leaf area index.

3.2. Parameter variability on the simulated crop physiological traits

flowering around DVSM 1.0, followed by FLV (72%), and FSO (11%).
Similarly, an increase in %CV upon flowering was observed for DRLV
(37–160%) and SLA (23–43%) (Figs. 10 and 11). However, Xu et al.
(2018) and Hameed et al. (2019) discovered smaller variations in FLV,
FST, and FSO, with %CV as low as 6.43% and 11.8%, respectively. The
differences in their values and the %CV in our study may be attributed to
differences in the design of N and irrigation treatments, site or varietyspecific conditions, and a combination of calibration parameters. The
four additional parameters selected by Hameed et al. (2019) were not
considered in our study. There are more distinct variations in the DRLV
in the first group of cohort 1 and the third group of cohort 2 compared to
others (Fig. 10). Overall, distinct variations in trends and values were

In this section, the effects of crop parameter variability on the
simulated crop physiological traits are discussed. Table 4 presents the
calibrated constant crop parameters. The FLV, FST, FSO, DRLV, and SLA
vary with developmental stage, as shown in Figs. 9–11. In general, the
values of FLV and FST are high at the start of the rice crop’s develop
ment. The FLV and FST then gradually decrease to zero, while the FSO
increases toward maturity (Fig. 9). The %CV was calculated for each
time series across all six parameter sets: three sets from cohort 1 and
three sets from cohort 2. The %CV is smaller in the early phase and it
increases toward maturity; the FST has the largest %CV (117%) upon
7
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Table 2
Nash-Sutcliffe efficiency (NSE) for validation of ORYZA (v3) for MR269 at two farmers’ plots in 2017.
Lot

Calibration set

2780

Cohort 1

T1
T2
T3
T1
T2
T3
T1
T2
T3
T1
T2
T3

Cohort 2
1538

Cohort 1
Cohort 2

1
2
3

LAI1
−
−
−
−
−
−
−
−
−
−
−
−

1.55
0.72
1.49
1.67
0.60
1.40
1.79
0.77
1.85
2.01
0.75
1.63

Total AGB.2

Stems

Green leaves

Dead leaves

Panicles

Count3

0.49
0.63
0.56
0.50
0.65
0.57
0.48
0.62
0.54
0.48
0.65
0.56

0.76
0.56
0.73
0.75
0.50
0.73
0.69
0.44
0.63
0.70
0.45
0.67

0.35
0.68
0.47
0.35
0.71
0.51
0.13
0.60
0.36
0.03
0.66
0.40

− 11.83
0.06
− 0.94
− 10.66
− 0.09
− 1.17
− 11.47
− 0.25
− 1.41
− 11.27
− 0.07
− 1.32

0.11
0.66
0.40
0.05
0.67
0.40
0.17
0.80
0.51
0.11
0.80
0.50

1
4
2
2
4
3
1
3
3
1
3
3

Leaf area index.
Aboveground biomass.
Count represents how many times NSE ≥ 0.5 (satisfactory to good).

Table 3
Percent bias (PBIAS%) for validation of ORYZA (v3) for MR269 at two farmers’ plots in 2017.
Lot

Calibration set

2780

Cohort 1

T1
T2
T3
T1
T2
T3
T1
T2
T3
T1
T2
T3

Cohort 2
1538

Cohort 1
Cohort 2

1
2

LAI1
−
−
−
−
−
−
−
−
−
−
−
−

90%
90%
100%
97%
76%
101%
92%
90%
105%
101%
75%
104%

Total AGB.2
−
−
−
−
−
−
−
−
−
−
−
−

61%
50%
55%
60%
49%
55%
59%
48%
54%
59%
47%
53%

Stems

Green leaves

− 13%
− 52%
− 26%
0%
− 57%
− 25%
− 13%
− 49%
− 27%
− 1%
− 51%
− 25%

−
−
−
−
−
−
−
−
−
−
−
−

18%
31%
48%
33%
18%
47%
22%
34%
51%
39%
24%
49%

Dead leaves
−
−
−
−
−
−
−
−
−
−
−
−

316%
88%
129%
305%
91%
137%
271%
84%
122%
273%
77%
118%

Panicles
−
−
−
−
−
−
−
−
−
−
−
−

113%
56%
85%
117%
55%
86%
109%
52%
83%
113%
52%
84%

Leaf area index.
Aboveground biomass.

Table 4
The crop parameters were calibrated in the first, second, and third groups of cohorts 1 and 2.
Crop parameter
− 1

DVRJ ( C day )
DVRI (◦ C day− 1)
DVRP (◦ C day− 1)
DVRR (◦ C day− 1)
RGRLMX (◦ C day− 1)
RGRLMN (◦ C day− 1)
SLAMAX (ha kg− 1)
ASLA (-)
FSTR (-)
◦

1

Cohort 1

%CV1

Cohort 2

First group

Second group

Third group

First group

Second group

Third group

0.0005356
0.0007576
0.0009715
0.001965
0.0097543
0.00365588
0.0045 (default)
0.0024(default)
0.24811669

0.0005633
0.0007576
0.0012118
0.0018396
0.01046684
0.00461453
0.0045 (default)
0.0024(default)
0.23063011

0.0005633
0.0007576
0.0012839
0.0016763
0.01061607
0.0039993
0.0045(default)
0.0024(default)
0.17449704

0.0005356
0.0007576
0.0009715
0.001965
0.00982265
0.00343549
0.00392500
0.00199221
0.24991512

0.0005633
0.0007576
0.0012118
0.0018396
0.01046684
0.0048624
0.00383434
0.00284304
0.16201019

0.0005633
0.0007576
0.0012839
0.0016763
0.01055751
0.00427314
0.00559219
0.00245323
0.15684319

2.6
0.0
12.7
7.1
3.8
13.3
14.0
11.2
21.5

Coefficient of variation.

observed across the six parameter sets (Table 4, Figs. 9–11).
Previous research found minor variations between the simulated and
observed total aboveground biomass and panicles in cross-treatment
validations, with R2 ranging from 0.85 to 0.99 (Xu et al. 2018,
Hameed et al. 2019). These studies did not assess cross-treatment vali
dations for other crop traits. Distinct NSE results were observed between
the six parameter sets during validation with independent data sets, with
the second group exhibiting satisfactory to good validations compared
to the first and third groups.
Further qualitative evaluations shed light on the effects of the six
calibrated parameter sets on the model’s responses. All of the dry
biomass growth progression trends of green leaves, stems, panicles, and
dry total aboveground biomass observed for the first, second, and third
groups (Figs. 2–4) are consistent with the trends observed in other
studies (Cao et al. 2017, Yuan et al. 2017, Lu et al. 2020). A closer

inspection reveals slight inflections in some of the simulated dry biomass
of stems near the harvest date for the third group. The inflections in the
simulated stems appear to compensate for the flattening of the panicles
(Fig. 4). In the first group, however, there is a gradual decrease in the
simulated stems as the harvest date approaches (Fig. 2). The gradual
decrease in stems is compensated by a greater increase in the dry
biomass of panicles. Consequently, the first group has the highest
simulated panicles compared to the others (Fig. 2). These findings sug
gest a compensatory relationship between stems, leaves, and panicles
during the calibration process, in which increasing one variable
response reduces the others.
Trend variations were observed for simulated LAI using parameters
calibrated with T1 (first group), T2 (second group), and T3 (third
group). The simulated LAI shows a steep increase followed by a slight
and gradual decrease in the first group; the steep increase results in an
8
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Fig. 9. The calibrated fractions shoot dry matter partitions to the leaves (FLV, solid line), stems (FST, dashed line), and panicles (FSO, dashed dot line) for cohorts 1
and 2. All fractions are unitless.

Fig. 10. The calibrated leaf death rate coefficient (DRLV, day− 1) for cohorts 1 and 2. Solid lines are for the first group, dashed lines for the second group, and dasheddot lines for the third group.

Fig. 11. The calibrated specific leaf area (SLA, kg ha− 1) for cohorts 1 and 2. Solid lines are for the first group, dashed lines for the second group, and dashed-dot lines
for the third group.

overestimation of the third LAI observation (Fig. 2). In contrast, the
simulated LAI in the third group was relatively stable from day 96 to 116
after a steep increase; the simulated LAI closely tracked all observations
(Fig. 4). A mix of trends was observed for simulated LAI in the second
group; some trends are fairly similar to those in the third group, while
other trends have sharp peaks (Fig. 3). The simulated LAI trends in all
three groups are consistent with simulations by Cao et al. (2017) and Lu
et al. (2020), who found smooth transitions in the simulated LAI trends
similar to those in the first and third groups, as well as sharp peaks
similar to some of those in the second group. However, the sudden and
sharp decrease to zero after a small increase in the simulated LAI within
the first 30 days, as seen in the studies by Cao et al. (2017), Yuan et al.

(2017), and Lu et al. (2020), is not seen in this study. The underlying
reason could not be explained, and it is unlikely that the simulated LAI
would drop to zero after a small increase in the early crop growth stage.
We further investigate the effects of the six calibrated parameter sets
on the model’s responses by simulating parameters under two scenarios
with two additional N fertilizer rates: 0 and 500 kg N ha− 1. Despite some
large %CV in the parameters of cohorts 1 and 2 (Table 1, Figs. 9–11), the
model’s responses simulated using the calibrated parameters of cohort 1
were found to be comparable to those of cohort 2, where the NSEmod
ranges from 0.93 to 1 (Eq. (5)). In cohort 2, there are two additional
parameters, RGRLMX and RGRLMN.
Fig. 12 shows the responses to fertilizer rates of 0 (solid lines) and
9
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Fig. 12. The output simulations of ORYZA(v3)’s crop physiological traits given 0 N input (all solid lines) and 500 kg N ha− 1 (all dashed lines) using the 3 sets of
calibrated parameters from the first group (blue), second group (green) and third group (red). LAI is the leaf area index. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

500 kg N ha− 1 (dashed lines) using the three calibrated parameter sets of
cohort 1, where blue, red, and green represent the parameters of the
first, second, and third groups, respectively. The variation in total
aboveground biomass is negligible across the three groups (Fig. 12e).
Comparable trends were observed between simulations produced using
parameters from the second and third groups, except for stems. The first
and second groups show the greatest discrepancies in trends in the dry
biomass of panicles, green leaves, dead leaves, and stems, as well as LAI
(Fig. 12).
In terms of MR269 physiological development, Fig. 12 shows that
increasing the N fertilizer rate results in an increase in crop dry biomass
and LAI (solid vs. dashed lines). The MR269 may prefer partitioning to
the stem over the green leaves under high N input. The simulated grain
yields under 0 N input range from 4.8 to 6.7 t ha− 1, with the latter being
overly optimistic given the lack of fertilizer. This is possible if the soils in
the area have had an excess of N due to years of cultivation. Subse
quently, the N input was set to a total of 500 kg N ha− 1 to test if ORYZA
(v3) would cap the maximum potential yield at a reasonable value.
Despite this large input, the simulated dry biomass of panicles is capped
at 8–12 t ha− 1. The average grain yield at IADA KETARA has been re
ported to be around 5.4 t ha− 1 (DOA 2015a), with a few high-performing
plots producing around 10 t ha− 1 per crop cycle. According to the report,
the range of rice yields produced by the model by these parameter sets is
reasonable when compared to the range observed values in the fields.
The findings highlight three important factors to consider when
evaluating models. First, when the data is limited, the approach used to
divide the data set for calibration and validation requires more careful
consideration. For instance, it is not uncommon in crop modeling to
work with small data sets; for instance, rice crop models were evaluated
only against rice grain yield and its components (Babel et al. 2011,
Boling et al. 2011; Vaghefi et al. 2011; Shaidatul Azdawiyah et al. 2014).
Instead of arbitrarily dividing data sets for calibration and validation,
the systematic cross-validation approach demonstrated in this study
enables a more extensive model evaluation given a small data set. Using
the cross-validation approach, we initially discovered six calibrated
parameter sets for MR269. Subsequent validation using independent
data sets revealed that only two of the parameter sets (second group,
cohorts 1 and 2) produced satisfactory to good validation results for the
crop traits, except for LAI and dry biomass of dead leaves. This would
not have been discovered if the one-round validation approach had been

used, which would have resulted in a random selection of one of six
calibrated parameter sets. There are only a few studies on rice crop
modeling that consider the plausibility of multiple sets of feasible pa
rameters. While finding a single unique and true parameter set is ideal,
the unidentifiability of unknown parameters in a complex model like
ORYZA (v3) is a given challenge. Comprehensive but costly data
collection may aid model evaluation, but another viable alternative is to
identify as many feasible parameter sets as possible (e.g., Nurulhuda
et al., 2017; Lastiri et al., 2021) and use them in scenario studies to
sketch all possible model responses to capture parameter uncertainty.
Second, in the case of small data sets, a quantitative evaluation should
be supplemented with a qualitative evaluation to gain additional in
sights to support parameters or model acceptance. Third, the large %CV
suggests parameter unidentifiability, which is expected in a complex
model with many parameters and correlation between the estimates, i.
e., FLV, FST, and FSO. To reduce the number of parameters, it may be
possible to express two of these parameters within one another.
4. Conclusion
ORYZA (v3) is a recent update to ORYZA2000, and efforts are un
derway to evaluate this model for various varieties and conditions in
different parts of the world. This study presents the first comprehensive
evaluation of a rice crop growth model for the Malaysian MR269 rice
variety. The structured cross-validation approach yielded six calibrated
crop parameter sets. Further validation with independent field data sets
revealed that two of the six calibrated crop parameter sets produced
satisfactory to good fits for the crop dry biomass of green leaves, pani
cles, and stems, as well as the dry total aboveground biomass of MR269
(NSE ≥ 0.5). However, the model overestimated the LAI and dead leaves
during validations (NSE ≤ 0.06). Variations in %CV imply that the pa
rameters are unidentifiable. This is to be expected in a complex model
with many parameters and correlations between estimates, such as FLV,
FST, and FSO. The results imply that the plausibility of multiple feasible
parameter sets must be acknowledged, and a more robust calibration
approach must be considered when working with a complex crop model
with limited data. The feasible parameter sets will be tested further as
new data becomes available and used to capture uncertainty in scenario
studies. Future work will include evaluating ORYZA (v3) for other highyielding Malaysian rice varieties and testing the calibrated models as
10
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more data becomes available.
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