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Abstract: Few studies have focused on the potential impacts of topography on regional crop
simulation, which might constrain the development of crop models and lead to inaccurate estimations
for food security. In this study, we used remote sensing data to calibrate a regional crop model
(MCWLA-Rice) for yield simulation in a double-rice crop rotation system in counties of Hunan
province dominated by three landforms (plain, hill, and mountain). The calibration scheme with
coarse remote sensing data (Global LAnd Surface Satellite, GLASS) greatly improved model accuracy
for the double-rice system and is a promising method for yield estimation in large areas. The average
improvement in relative root mean square error (RRMSE) was at most 48.00% for early rice and 41.25%
for late rice. The average improvement in coefficient of determination (R2 ) value was at most 0.54
for early rice and 0.19 for late rice. Estimation of yield in counties dominated by different landform
types indicated that: (1) MCWLA-Rice tended to be unstable in areas of complex topography and
resulted in unbalanced proportions of overestimations and underestimations. (2) Differences in yield
simulation between early rice and late rice varied among counties; yield estimates were highest in
predominantly hilly counties, followed by counties dominated by plains, and lowest in predominantly
mountainous counties. The results indicated that the topography might harm the accuracy of crop
model simulations. Integration of topographic factors into crop models may enable yield estimation
with enhanced accuracy to promote social development.
Keywords: topography; landform; double rice; crop model; MCWLA; remote sensing

1. Introduction
As the world’s largest rice producer, China contributes almost 30% of the global rice
production [1–3], and is distinguished from other rice-cropping countries in having the most complex
topography. Topography can be collectively referred to as different landforms, such as plains, hills,
mountains, valleys, plateaus, canyons, and islands. As a result, rice yield varies greatly with landform
type. For example, according to the annual editions of the China Agriculture Yearbook [4,5], the average
late rice yield ranged from ~6500 kg/ha on a plain to 7305 kg/ha on a hill and 7000 kg/ha on a mountain
in Hunan province of China during the period 2000–2012. Previous studies have concluded that
topography could influence rice growth together with field management practices and climatic
variables [6–8]. However, the effects of topographic features, field management, and meteorological
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variables, as well as their interactions, are typically complex on crop growth and can only be adequately
assessed at a crop model system level [9]. Many studies have examined how field managements and
climatic variables contribute to crop growth through the use of crop models [10,11] at both field and
regional scales. For example, Dhungana et al. [12] used the CERES-Wheat model to identify optimal
management practices in Nebraska, USA. Their results revealed that farmers should delay sowing
and decrease plant density with an increase in CO2 concentration. Similarly, Cho et al. [13] applied
the CERES-Wheat model to 13 administrative regions in the UK and observed that earlier sowing
may be beneficial in the future, whereas increasing the amount of fertilizer did not improve yields
in a warm environment. Promoted by technological developments, such as in irrigation, fertilizers,
and pesticides, improved field management has increased yield to the maximum potential [14–16].
Tao et al. [17] developed the MCWLA-Rice model under 10 future climate change scenarios, and
observed that Chinese rice yield would change on average by 7.5–17.5%, 0.0–25.0%, and −10.0% to
25.0% during the 2020s, 2050s, and 2080s, respectively. Rosenzweig et al. [18] estimated the loss from
heavy precipitation might double during the next 30 years in the USA by CERES-Maize. Overall,
climatic variables play the most important role in yield variability, among which precipitation and
temperature account for roughly one-third or more of yield variability [11,16,19]. However, few studies
have examined the effects of topography on crop yield estimation, because process-based crop models
usually include only the interactions between atmosphere, soil, water, and plant physiology, but do
not consider topographic factors [20–23]. This limitation would weaken our understanding of real
crop growth states, and ever more uncertainties would arise when we apply a crop model in areas of
complex terrain.
Before incorporating topographic factors into crop models, an important prerequisite is to
investigate how topography affects the performance of a crop model. The estimated yield is the
most fundamental and important indicator with which to evaluate the performance of a crop model.
At a regional scale, remote sensing is often coupled with crop models to estimate spatially accurate
yields [24–29]. For example, Zhou et al. [28] incorporated MODIS-retrieved phenological information
into the WOFOST model to improve rice leaf area index (LAI) simulation accuracy in the Dongting Lake
region, Hunan province, China. Performance of WOFOST was remarkably improved with correlation
coefficients (R) higher than 0.79 and root mean square error (RMSE) lower than 0.52 for LAI simulation.
Chen et al. [30] assimilated phenology dates and Global LAnd Surface Satellite (GLASS) LAI into the
regional crop model MCWLA to estimate winter wheat yield on the North Plain of China. The results
showed that, the average coefficient of determination (R2 ) increased from 0.30 to 0.42 and the RMSE
decreased from 1012 kg/ha to 737 kg/ha. Therefore, through coupling with remote sensing data,
yield can be estimated accurately across large areas and model performance on different landforms can
then be analyzed to reveal the of topographic impacts. Diversity in landforms is a notable feature in
South China [31], especially in Hunan province, where the double-rice cropping system is the typical
agricultural cropping system. The main objectives of the present study were (1) to improve regional
yield estimation on different landforms for the double-rice cropping system in Hunan province, (2) to
reveal topographic effects on yield estimation, and (3) to evaluate the potential factors that control
yield estimation accuracy in areas with complex landforms.
2. Materials and Methods
Considering that crop models usually do not include topographic factors, we evaluated the
topographic impacts on regional crop simulation through comparing model performance on different
landforms. This is a relatively compromised way to evaluate the impact of topography on crop
production. If the model performance varies significantly on different landforms, the potential findings
will imply future model improvements to interpret topographic factors into a crop model for better
simulation ability. Specifically, only a calibrated crop model can estimate yield with sufficient accuracy.
Therefore, we firstly introduced a study area and materials (Section 2.1, Section 2.2, and Section 2.3);
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then explained the calibration and validation process for MCWLA-Rice (Section 2.4); and finally,
discussed how to evaluate model performance on different landforms (Section 2.5).
2.1. Study Area
Hunan province is located in southern-central China (Figure 1a) and consists of a variety of
topographic conditions (Figure 1c): Low-lying plains near Dongting Lake, tablelands and hills along
the Xiangjiang River, and mountains in the eastern, western, and southern portion of the province.
The continental subtropical monsoon humid climate and dense river network provide plentiful sunlight,
heat, and water sources for double-rice cropping in the province, which contributes the largest portion
(19%) to overall Chinese rice production. Land use data [32,33] show that the rice-cultivation areas
are mainly concentrated around Dongting Lake and Xiangjiang River (Figure 1b). Considering the
availability of long-term historical crop data and the diversity of landforms, we selected 21 counties as
the study areas (Figure 1d), where the predominant landform within one county was defined as the
county-scale landform. The rice-cultivation ratio is higher than 0.05 in each county [11]. The portion
of paddy soil is highest on the plain around Dongting Lake and Xiangjiang River. Less-fertile red
soil is concentrated in hilly and mountainous areas (Figure 1e). On the basis of statistics from 2000
to 2012 for the 21 counties, we calculated the average and standard deviation (SD) for the main rice
phenological dates (transplanting date, heading date, and harvest date). For early rice crops, the mean
± SD day of year (DOY) was 174 ± 5 for transplanting, 174 ± 3 for heading, and 197 ± 3 for harvest
(Figure 1f). For late rice crops, the DOY was 203 ± 4, 255 ± 3, and 292 ± 6, respectively. Overall, the
main phenological dates showed limited variation among the selected 21 counties.
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2.2. MCWLA-Rice Model
The Model to capture the Crop-Weather relationship over a Large Area for rice
(MCWLA-Rice, [17,34]) was used to simulate the growth and productivity of the double-rice cropping
system in the present study. Same to other process-based regional crop models, MCWLA-Rice does not
include topography components. The MCWLA-Rice parameters consist of 17 biological and physical
variables (details in Table S1) in two main sub-model components: The phenology component (the first
seven parameters) and the yield component (the rest ten parameters). Specifically, growing degree days
during the vegetative growth period (VGP) and the reproductive growth period (RGP) determines
rice phenology dates. The biomass is accumulated from photosynthate in the RGP and subsequently
transferred into yield using a harvest index. A detailed description of equations and corresponding
parameters in the MCWLA-Rice model can be found in previous studies [17,34–36]. MCWLA-Rice has
shown excellent ability and expansibility to capture crop growth and productivity over a variety of
large areas [17,34,36–42].
2.3. Data
The study period comprised the growing seasons for early rice (late March to early July) and
late rice (mid-July to October) from 2000 to 2012. A portion (77%) of the study period was used for
calibration (from 2000 to 2009) and 23% was used for validation (from 2010 to 2012). The calibration
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period was featured with climate cycles in the study area (Supplementary S2), which could improve the
simulation robustness of crop models under various climate scenarios. The calibration process used
both ground observations and remotely sensed data to localize crop parameters for the double-rice
system in each county, whereas the validation process only used ground-observed data.
Ground-observed data included weather information, soil and hydrological properties, and
crop growth information. Simulating crop growth in a daily time-step, MCWLA-Rice requires
daily precipitation, vapor pressure, solar radiation, wind speed, and the maximum and minimum
temperatures, which were extracted from a 0.25◦ × 0.25◦ daily grid weather dataset [43]. Data for the
soil texture and hydrological properties were obtained from the Food and Agriculture Organization of
the United Nations soil dataset [44]. We obtained county-scale yield data from the China Agriculture
Yearbooks, which were used as the reference data for both calibration and validation processes.
Remote sensing data can provide more heterogeneous spatial and temporal information for
crop model inputs, and have been widely used for calibration of canopy state variables [24,45,46],
soil properties [25,47,48], and phenological information [28,42,49] in modeling processes. In the
present research, the Global LAnd Surface Satellite LAI (GLASS LAI; [50]) product was used as
ancillary remote sensing data to calibrate MCWLA-Rice over a large area; this product is superior
in temporal integrity and spatial continuity than other available LAI products [50]. We obtained
GLASS LAI data with an 8-day composite and 1 km × 1 km spatial resolution for the study period
(http://glass-product.bnu.edu.cn/?pid=3&c=1), and then retrieved the 0.25◦ × 0.25◦ grid phenology
dates (transplanting, heading, and harvest dates) of the double-rice cropping system using wavelet
methods [51]. The retrieval process was based on the bimodal features of double-rice LAI (Figure S2),
which increased after early-rice transplanting, reached the first LAI peak around the early-rice heading
date, then remained at relatively low LAI values with a short interval between early-rice harvest
and late-rice transplanting. The second LAI peak was attained at the late-rice heading date, and
finally ended up with an abrupt decrease in LAI reflecting the late-rice harvest. The retrieved
phenology dates were evaluated at the grid scale (Supplementary S4) and were regarded as suitable
for MCWLA-Rice calibration.
2.4. Calibration and Validation Framework
2.4.1. Calibration Process
Calibration of crop models at the county scale can improve the heterogeneity of simulation results
at broad spatial scales [29,41,42,52–54]. In addition, only after the VGP and RGP are determined
using the simulated phenology dates, MCWLA-Rice can accumulate biomass for the final yield
output [34,36,55]. Therefore, the calibration strategy in the present study was to minimize the cost
functions for phenology dates and yield in sequence. Particle swarm optimization (PSO; [56]) was
used for the minimization process in MCWLA-Rice to output the calibrated results from 2000 to 2009.
The following general framework for the calibration process (Figure 2) was applied to early rice and
late rice independently.
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(2) A cost function (JP , Equation (1)) was calculated to assess the difference between the simulated
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where Phenologysiy and Phenologyriy are the simulated and remotely retrieved phenology dates,
respectively, at grid i of year y; and m is the grid number within the cultivation area of each county.
(3) After obtaining the calibrated phenology dates and parameters from the phenology component
of MCWLA-Rice, we replaced the first seven parameters in each IBPS and then began the yield
calibration process. By calculating the relative RMSE (RRMSE; Equation (2)) between the simulated
yield and observed detrended rice yield at the county scale in each iteration, the PSO scheme updated
the yield parameters until reaching the iteration target (details in (4)).
v
t

P10
y=1

JY = RRMSE =
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o
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/
∗100%,
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where Yieldsiy is the simulated yield at pixel i of year y, and Yieldoy is the county-scale observed yield of
year y.
(4) Calibration for phenology/yield ended up when either the minimum fitness value or the
maximum number of iterations (100 times in the present study) was met. To avoid suboptimal results,
the initial parameter sets were reinitialized if fitness values remained unchanged in the last 10 loops.
In addition, the PSO process was ended after continuous re-initialization for five loops.
2.4.2. Validation Process
Using the calibrated MCWLA-Rice parameters based on 77% of the study period (from 2000
to 2009) and ground-observed data for the remaining 23% of the study period (from 2010 to 2012),
we validated the county-scale yield by comparing the simulated yield with the ground-observed
detrended yield. The validation process was applied to early rice and late rice independently, and
used the criteria outlined in Sections 2.4.1 and 2.5 to analyze the predictive ability of MCWLA-Rice.
2.5. Evaluation Methods
For evaluation of the model calibration and validation performance in counties dominated by
different landforms [57–59], we also used additional criteria besides fitness values (Equations (1) and
(2)) outlined in Section 2.4.1. The RMSE for phenology dates (Equation (3)) summarized statistical
characteristics of the model output errors from Equation (1). The R2 (Equation (4)) represented the
proportion of total variance in the observed yield that could be explained by the model output, while the
RRMSE in Equation (2) could be used to compare yield errors across large areas.
v
t
RMSE =

P10 Pm
y=1

s
i=1 Phenologyiy −

Pm

r
i=1 Phenologyiy

13

2
,

(3)

where all variables are defined in Section 2.4.1.

 2
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s
i=1 Yieldiy /m,
P
s
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y=1 Yield y /10,
P
o
Yieldo = 10
y=1 Yield y /10,

Yieldsy =

where Yieldsy is the simulated yield of year y at the county scale, and Yields and Yieldo are the mean of
the simulated and observed yields, respectively, during 2000–2009. The remainder of the variables are
defined in Section 2.4.1.
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3. Results and Discussion
3.1. Evaluation of Model Simulation
3.1.1. Calibration for Phenology Dates
As a critical intermediate variable during the calibration of a crop model, the accurate simulation of
phenology dates ultimately benefits the yield output. Coupled with remotely sensed phenology dates,
the PSO calibration scheme greatly improved the modeling accuracy of phenology dates, especially
for early rice (Figure 3). The early-rice calibration results revealed that the ratio of error exceeding
16 days was reduced from 69.05% to 3.81% for heading date and from 17.14% to 2.86% for harvest
date (Figure 3a-1,b-1). With regard to late rice, the ratio of error exceeding 16 days decreased from
12.86% to zero for heading date and showed little change (from 2.83% to 2.57%) for harvest date
(Figure 3a-2,b-2). Statistically, the average RMSE of early rice was reduced from 40 days to six days for
heading date and from 18 days to nine days for harvest date. The average RMSE of late rice decreased
from 10 days to four days for heading date and from eight days to six days for harvest date. Although
PSO-calibrated heading dates closely followed the 1:1 line (Figure 3b-1,b-2), most no-calibrated heading
dates were grossly underestimated (Figure 3a-1,a-2). In contrast, most harvest dates were overestimated
(Figure 3a-2,b-1,b-2) except for no-calibrated early rice (Figure 3a-1). The overall overestimation of
PSO-calibrated harvest dates for both early and late rice (Figure 3b-1,b-2) suggested that the crop
model was limited in its ability to accurately capture the double-rice rotation system, and attempted to
extend each simulation period as long as a single-rice cropping system could be extended. However,
farmers in reality usually use early-maturing cultivars for early rice to ensure a quick harvest for the
first crop, and late-maturing cultivars for late rice so that the crop can grow as long as possible to
gain enough accumulated heat for a second harvest in the same year. Therefore, the model simulation
mismatched the early-rice phenology but more closely matched that of late rice. As a result, it was not
surprising that the simulation errors for phenology dates were higher for early rice than for late rice.
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PSO-calibration (Figure 4a-1,a-2). Considering that heading and harvest dates determine the length of
the dry matter accumulation process in the reproductive stages, more accurate estimation of phenology
dates in Section 3.1.1 might contribute considerably to the satisfactory performance for yield simulation.
Moreover, the main reason for the good calibration results must be that we used a mechanism-wiser
calibration method. Cost functions of traditional calibration methods usually combined errors between
simulation and observation into an overall value. For example, Wallach et al. [60] calculated least
squared errors between modeled and observed values for yield, biomass, and LAI. These errors were
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weighted by the variance in observation data and summed together to provide a single goodness-of-fit
value. However, weighting schemes depend on research objectives, which likely increase simulation
uncertainty. Another potential problem of the traditional calibration methods is that parameter
estimation is a “black-box” calibration, where errors in one parameter may compensate for errors in
other parameters. In the present study, we divided MCWLA-Rice into two function components and
calibrated parameters through minimizing two cost functions individually. Such a calibration strategy
could avoid the “black-box” effects and improved estimation accuracy to some extent.
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Final yield is an important focus of researchers and was used to assess the crop simulation
ability. We calculated the RRMSE and R2 between the observation and model outputs to evaluate
the performance of the model calibration and validation results (Figure 4). The PSO-calibration
scheme reduced yield estimation errors for double rice from 2000 to 2009, and performed better for
early rice than for late rice. Without PSO-calibration, the simulated yields were greatly
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The validation results (2010–2012) showed a slight increase in RRMSE and decrease in R2 compared
with those of the calibration results (2000–2009). The average RRMSE of early rice and late rice were
9.35% and 16.42%, respectively (Figure 4c-1,c-2), and the corresponding R2 values were 0.49 and
0.19, respectively. The validation performance was sufficiently accurate when compared with that of
previous studies. For example, in previous reports, the yield RRMSE was in the range of 17–30% [61]
and 12%~22% [62]. A RRMSE for yield of less than 20% is commonly regarded as an acceptable
accuracy by many researchers [63–66]. In the current study, the majority of RRMSEs for validation of
double-rice yield were less than 10%, which suggested that modeling accuracy was superior to that
achieved in previous studies.
Comparison of the present results with those of similar studies conducted in South China
supported the conclusion that the PSO-calibration scheme performed best to estimate rice yield across
large areas with complex landforms (Table 1). The estimation error in the study by Shen et al. [66]
was the highest, with a yield RRMSE of 12.70%. The yield RRMSEs in the studies by Chen et al. [67]
and Wang [68] were only slightly lower than those in the present study, which might reflect the
high-resolution remote sensing data used in their studies (30 m for Landsat 8, 100 m for HJ-1 A/B).
However, the money- and time-consuming processing of these high-resolution products constrained
their broad application to large geographic areas. By using the coarser GLASS LAI data for a much
larger area (240 times the area studied by Chen et al. [67] and 146 times that of Wang [68]), we also
gained sufficiently accurate results. Overall, the calibration scheme with coarse remote sensing data
used in the present study is a potentially powerful tool to estimate and predict yields of double-rice
cropping systems over a large area with complex landforms.
Table 1. Comparison of studies on rice yield estimation in South China with complex landforms.
Researches

Shen et al. [66]

Chen et al. [67]

Wang et al. [68]

Present Research

Study area
Crop

7000 ha
Early rice

11,500 ha
Single rice

1,686,600 ha
Double rice

HJ-1 A/B

HJ-1 A/B, Landsat 8

MODIS and ground
observations

Crop model
Intermediate
variable

1000 ha
Single rice
Advanced
Synthetic Aperture
Radar
WOFOST
Backscattering
coefficients

WOFOST

ORYZA2000

MCWLA-Rice

LAI

LAI

Retrieved phenology dates

RRMSE

12.70%

7.20%

7.04%

7.59% (best average for early
rice) and 10.20% (best average
for late rice)

Referenced data

3.2. Simulation Improvements on Different Landforms
The PSO calibration scheme not only improved modeling accuracy, but also improved model
ability to capture spatial differences in double-rice yields (Figures 5 and 6). Spatial patterns of average
observed and simulated yields are shown in Figure 5, and cumulative curves of simulated and observed
yields on different landforms for early rice and late rice are presented in Figure 6.
Compared with no-calibrated yields, PSO-calibrated results showed greatly improved accuracy in
estimation of spatial differences for double-rice yields (Figure 5a,b). On the basis of the observed data,
double-rice yields were relatively higher in central and southern counties than in northern counties of
Hunan province (Figure 5a-1,b-1). The highest yields were attained in predominantly hilly counties
in central Hunan. The no-calibration yield estimations (Figure 5a-2,b-2), however, were smallest in
predominantly hilly counties for early rice and late rice, suggesting that the non-calibrated MCWLA-Rice
model failed to capture such spatial patterns. The PSO-calibrated yields were spatially identical
to those of the observed data (Figure 5a-3,b-3). Specifically, PSO-calibrated early rice yields were
4000–6000 kg/ha in northern counties, 6000–7000 kg/ha in central counties, and 4000–7000 kg/ha in
southern counties (Figure 5a-3). With regard to late rice, the PSO-calibrated yields were 5000–7000 kg/ha
in northern counties and 6000–8000 kg/ha in the central and southern counties (Figure 5b-3).

3.2. Simulation Improvements on Different Landforms
The PSO calibration scheme not only improved modeling accuracy, but also improved model
ability to capture spatial differences in double-rice yields (Figures 5 and 6). Spatial patterns of average
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(Figure 6a-1). Regarding early rice grown on hills, around 20% of the estimated yields corresponded
with observations at yields from 6200 kg/ha to 6500 kg/ha, 60% of the yields were overestimated
(4200–6200 kg/ha), and 20% of the yields were underestimated (Figure 6a-2). For early rice grown
on mountains, ~85% of the yields were underestimated and the remainder were overestimated
(Figure 6a-3). With regard to late rice, PSO-calibrated yields were consistently overestimated on each
landform, except for the highest yields (Figure 6b).

overestimated some 40% of the yields (>5500 kg/ha), and accurately simulated the rest 20% of the
yields on plain (Figure 6a-1). Regarding early rice grown on hills, around 20% of the estimated yields
corresponded with observations at yields from 6200 kg/ha to 6500 kg/ha, 60% of the yields were
overestimated (4200–6200 kg/ha), and 20% of the yields were underestimated (Figure 6a-2). For early
rice grown on mountains, ~85% of the yields were underestimated and the remainder were
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(b) Late rice: (b-1) Plain, (b-2) hill, and (b-3) mountain.
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We might attribute the errors of the estimated yields to the corresponding cropping environments.
Rice prefers warm and wet conditions. For example, the ideally average temperature for double rice in
VGP ranges from 12 ◦ C to 30 ◦ C, and that in RGP is from 12 ◦ C to 30 ◦ C for early rice and from 22 ◦ C to
30 ◦ C for late rice, respectively [3]. The humid climate and dense river network in Hunan does not
limit water availability for rice growth. Thus, temperature and sunlight are the most critical factors for
the double-rice cropping system in Hunan. According to previous research [51,69], the cumulative
temperature during double-rice growing periods increases from north to south in Hunan province,
while the opposite pattern is observed for cumulative sunlight. As a result, the highest yields are
attained in central counties, e.g., Xiangxiang and Xiangtan counties with a predominantly hilly landform
(Figure 5a-1,b-1). After calibration, the estimated yields reflected such spatial patterns for early rice
(Figure 5a-3), but failed for late rice to some extent (Figure 5b-3). The reason for this difference might
be the different growth conditions between the early and late rice crops, with more severe and frequent
extreme-weather events experienced during the late rice growing period [55]. Unfortunately, crop
models tend to perform poorly for simulations under extreme weather conditions [70–72]. Therefore,
improvement in the simulation ability of crop models for extreme climatic events is a matter of urgency.
In addition to the reduced yield RRMSE and increased accuracy of the spatial distribution of yield
simulations for early rice (Figure 4b-1 and Figure 5c), the cumulative curves of early rice revealed that

predominantly hilly landform (Figure 5a-1,b-1). After calibration, the estimated yields reflected such
spatial patterns for early rice (Figure 5a-3), but failed for late rice to some extent (Figure 5b-3). The
reason for this difference might be the different growth conditions between the early and late rice
crops, with more severe and frequent extreme-weather events experienced during the late rice
growing period [55]. Unfortunately, crop models tend to perform poorly for simulations under
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The yield RRMSEs of early rice (Figure 7a-1) were smaller than those of late rice (Figure 7a-2) for
each landform type. Specifically, three counties were identified with the yield RRMSE less than 5%
for early rice, but no similarly low RRMSE values were observed for late rice. In addition, the majority
of yield R2 values for early rice (Figure 7b-1) were considerably higher than those of late rice (Figure
7b-2). The average RRMSE value in predominantly hilly counties was smallest (7%) for early rice and
highest (11%) for late rice. Correspondingly, the average yield R2 in predominantly hilly counties
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The yield RRMSEs of early rice (Figure 7a-1) were smaller than those of late rice (Figure 7a-2) for
each landform type. Specifically, three counties were identified with the yield RRMSE less than 5% for
early rice, but no similarly low RRMSE values were observed for late rice. In addition, the majority of
yield R2 values for early rice (Figure 7b-1) were considerably higher than those of late rice (Figure 7b-2).
The average RRMSE value in predominantly hilly counties was smallest (7%) for early rice and highest
(11%) for late rice. Correspondingly, the average yield R2 in predominantly hilly counties was highest
(0.41) for early rice and smallest (0.07) for late rice. As a result, the average differences in RRMSE and
R2 were highest for counties dominated by hills (4%, Figure 7a-3; 0.34, Figure 7b-3), followed by plains
(3%, Figure 7a-3; 0.18, Figure 7b-3), and smallest for mountainous counties (0.6%, Figure 7a-3; −0.05,
Figure 7b-3). Overall, in the rotation of early rice and late rice, the accuracy of regional crop simulation
varied among counties dominated by different landforms, especially for predominantly hilly counties.
Therefore, incorporation of topographic factors into crop models is potentially a means to reduce the
models’ instability for simulation of double-rice yields.
4. Conclusions
Topographic effects on regional crop simulation have been generally ignored, which has constrained
our understanding of the performance and development of crop models. In the present study, we used
remote sensing data to improve the accuracy of MCWLA-Rice model estimations and then explored the
potential influence of topography on crop simulation. By calibrating MCWLA-Rice with the remotely
retrieved phenology dates and observed yield data under the double-rice cropping system for each
county, errors and uncertainties in the model outputs were greatly reduced. Given differences in
the dominant landform type of a county, the lack of topographic factors in the process-based crop
model constrained the model’s simulation accuracy for both a single cropping season and a rotation
between early rice and late rice. With the increasing importance of global food security and social
development, further studies focusing on regional simulation performance of crop models to account
for the influence of complex topography are warranted.
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