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26 Reducing parameter uncertainty in the Noah-MP-Crop
27 model through global sensitivity analysis and targeted
28 optimization

29  Abstract: Accurately representing crop growth in land surface models (LSMs) is crucial for
30  capturing cropland - atmosphere interactions, but in practice this remains challenging because
31 many crop-related parameters are poorly constrained. In this study, we focus on reducing
32 parameter uncertainty in the Noah-MP-Crop model by combining global sensitivity analysis with
33 a targeted parameter optimization approach. We first assess the sensitivity of simulated crop yield
34 and leaf area index (LAI) using the Morris screening method and Sobol’ variance decomposition
35 at nine agricultural experimental sites across China. Across sites and crops, the analysis
36  consistently points to parameters associated with CO» assimilation and carbon use efficiency as
37  the primary controls on crop growth simulations. In contrast, parameters describing crop structure
38  and phenology tend to matter most at specific growth stages rather than throughout the entire
39  season. Guided by these sensitivity results, we then apply a targeted optimization strategy, in
40  which the ranges of key parameters are progressively refined using an interval-based search
41  framework. Comparison with field observations shows clear improvements after optimization:
42 yield RMSE is reduced by 25-86%, LAl-related objective function values decrease by 49-90%,
43 and mean absolute errors drop by 40-80% across major crop types. Overall, our results suggest
44 that sensitivity-guided parameter optimization provides a practical and efficient way to reduce
45  parameter uncertainty in Noah-MP-Crop. The optimized model better reproduces observed LAI
46  and yield dynamics across different climatic regions, offering useful insights for improving crop

47  representation in land surface models.

48  Key words: Noah-MP-Crop; parameter uncertainty; sensitivity-guided optimization; global

49  sensitivity analysis; crop yield and leaf area index

50 1 Introduction

51 Cropland constitutes a major component of terrestrial ecosystems and plays a key role in
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52 regulating exchanges of water, energy, and heat between the land surface and the atmosphere
53 (Levis et al., 2012). Through crop growth and agricultural management, both biophysical and
54 biochemical surface processes are modified, leading to changes in land surface properties such as
55  leaf area index (LAI) and albedo. These changes, in turn, affect atmospheric water vapor and
56  temperature patterns at regional scales (Lobell et al., 2006; Pitman et al., 2009). As a result,
57  accurately representing crop growth in land surface models (LSMs) has become increasingly
58  important for understanding and quantifying cropland-atmosphere feedbacks.

59 Over the past few decades, coupling crop growth models with LSMs has emerged as a widely
60  used framework for exploring how cropland dynamics influence land-atmosphere interactions
61 across different spatial and temporal scales (Yu et al., 2022). Within this framework, the realism of
62  simulated crop growth processes largely determines how well cropland - atmosphere feedbacks
63 can be captured. Early modeling efforts often relied on prescribed LAI values derived from lookup
64  tables or monthly remote sensing products to represent crop phenology and productivity in a
65 simplified manner (Rodell et al., 2004). While this approach is computationally efficient, it
66  assumes relatively static vegetation conditions and therefore struggles to reflect the dynamic
67  responses of crops to climate variability and agricultural management (Fang et al., 2001).

68 To overcome these limitations, recent generations of LSMs have increasingly incorporated
69  explicit crop growth modules that simulate crop development and physiology in a process-based
70  way. Well-known examples include SiB-Crop (Lokupitiya et al., 2009), JULES-SUCROS (Van
71 den Hoof et al., 2011), CLM-Crop (Drewniak et al., 2013), and JULES-InfoCrop (Tsarouchi et al.,
72 2014). Following this trend, the Noah land surface model with multiparameterization options
73 (Noah-MP; Niu et al., 2011) has introduced a dynamic crop module that represents crop growth
74  stages using cumulative growing degree days (GDD) (Liu et al., 2016). These developments mark
75  an important step toward more realistic cropland simulations. However, despite the added process
76 detail, crop growth simulations in LSMs remain subject to substantial uncertainty, largely due to
77  the complexity of land surface processes and the large number of poorly constrained model
78  parameters.

79 Several efforts have been made to reduce uncertainty within the Noah-MP-Crop framework.
80  These include the implementation of an irrigation scheme (Xu et al., 2019), model evaluation and
81 application over the U.S. Midwest (Zhang et al., 2020), and the assimilation of observational
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82  datasets, such as LAI, soil moisture, and solar-induced chlorophyll fluorescence, using ensemble

83 Kalman filter techniques (Xu et al., 2021). While these studies have improved model performance

84  to some extent, parameter uncertainty remains a major source of error, particularly as newer

85  versions of Noah-MP-Crop introduce an increasing number of crop-specific parameters to better

86  describe diverse crop growth processes (Liu et al., 2016).

87 Inaccurate or poorly constrained parameter values are widely recognized as a key limitation

88 in environmental modeling (Gupta et al., 1998), underscoring the need for effective parameter

89  optimization strategies (Rosolem et al., 2013). Existing approaches to crop model parameter

90  optimization can generally be divided into traditional and intelligent methods. Traditional

91 approaches, such as sensitivity analysis, trial-and-error calibration, and systematic parameter

92  searches, offer valuable insights into parameter effects, but they are often computationally

93 expensive and sensitive to initial parameter settings (Pianosi et al., 2016). In contrast, intelligent

94  optimization methods, including genetic algorithms (GA), particle swarm optimization (PSO), and

95 simulated annealing, have been proposed as more flexible alternatives. These methods have been

96  successfully applied in crop modeling studies, such as optimizing soybean parameters using GA

97 (Boote et al., 2003), winter wheat parameters using PSO (Wagner et al., 2020), and maize growth

98  in CERES-Maize using simulated annealing (Ferreyra et al., 2004).

99 Despite their demonstrated effectiveness, intelligent optimization methods can become
100  difficult to apply when models involve high-dimensional parameter spaces and strong parameter
101 interactions. Under such conditions, the computational burden increases rapidly and the risk of
102 overfitting becomes non-negligible. Interval-based parameter search approaches provide a
103 potentially more efficient alternative by narrowing parameter ranges and reducing the overall
104  search space. These approaches have shown promising results in multi-objective optimization
105  problems (Balderas et al., 2019) and in irrigation management under uncertainty using
106  interval-based fuzzy programming techniques (Zhang et al., 2020). Together, these studies suggest
107  that interval-based strategies can improve both the efficiency and robustness of parameter
108  optimization in complex environmental models.

109 Parameter optimization alone, however, is rarely sufficient if it is not informed by an
110 understanding of which parameters actually matter. Sensitivity analysis (SA) offers a systematic
111 way to quantify parameter influence through repeated model simulations and has been widely

5
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112 used to reduce parameter dimensionality and improve optimization efficiency (Pianosi et al., 2015;
113 He et al, 2021). In crop modeling, SA has proven especially valuable for identifying key
114 parameters controlling crop growth and yield, thereby simplifying calibration procedures and
115 improving model performance (Confalonieri et al., 2010; Wang et al., 2013; Silvestro et al., 2017;
116  Jin et al., 2018; Lu et al., 2021). Within the Noah-MP framework, sensitivity-based approaches
117 have been applied to improve vegetation dynamics by optimizing soil and vegetation parameters
118 (Niu et al., 2020; Sun et al.,, 2021; Shu et al., 2022). In contrast, the role of crop-specific
119 parameters in controlling growth processes within the Noah-MP-Crop model has received
120  comparatively little attention, limiting a systematic understanding of parameter importance in crop
121 simulations. To address this gap, this study conducts a comprehensive sensitivity analysis of
122 crop-related parameters in the Noah-MP-Crop model and links the results directly to a targeted
123 parameter optimization strategy. By explicitly coupling sensitivity analysis with optimization, the
124 proposed approach aims to reduce parameter uncertainty and improve the robustness of crop
125  growth simulations under diverse environmental conditions.

126 Specifically, this study investigates the key parameters controlling crop growth processes in
127 Noah-MP-Crop and evaluates how sensitivity-guided parameter optimization can improve crop
128  growth simulations across China. Using observations of crop yield and leaf area index (LAI) from
129  nine agricultural experimental sites, we first identify influential and non-influential parameters and
130 quantify their relative contributions to output variability. We then refine the most influential
131 parameters through targeted optimization and assess the resulting improvements in model
132 performance. Through this analysis, the study seeks to reduce parameter uncertainty in
133 Noah-MP-Crop and provide practical guidance for calibrating crop-related parameters in land

134 surface models.

135 2. Materials and methods

136 This study uses the Noah-MP-Crop model as the core framework for simulating crop growth
137 and develops a new parameter optimization strategy to improve model performance. Because the
138 static crop-related input data required by Noah-MP-Crop have so far been validated only for the

139 United States, and no ready-to-use dataset exists for simulating crop growth in China, it was first
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140  necessary to construct crop-specific static input data suitable for Chinese conditions. This step
141 provides the basic support needed to apply the Noah-MP-Crop model in this study.

142 On this basis, a sensitivity analysis was carried out to systematically identify the parameters
143 that exert the strongest control on crop growth simulations. During the sensitivity analysis, a large
144 number of random parameter combinations were generated, and these parameter sets were then
145  reused within a newly developed optimization framework to refine the most influential parameters.
146 In this way, parameter sensitivity and optimization were directly linked, allowing the optimization
147 process to focus on parameters that matter most.

148 Model evaluation was based on observed crop yield and leaf area index (LAI) data collected
149  from nine agricultural field stations distributed across different climatic regions in China.
150  Although crop yield and LAI observations were available for the period 2004-2008, the LAI
151 dataset for 2005 was the most complete. Therefore, only the 2005 yield and LAI observations
152 were used for parameter optimization. After optimization, the model was further evaluated against

153 multi-year observations from 2004 to 2008 to assess its overall performance and robustness.

154 2.1 Study area

155 In this study, the research area comprised nine agricultural experimental sites (Fig. 1). Two
156  sites, Hailun (HL) and Shenyang (SY), were located in northeast China, characterized by mean
157  yearly temperatures of 2.4°C and 8.6°C, respectively, and average annual rainfall of 580mm and
158  712mm. Intercropping of spring maize and soybean took place during the growing season from
159  April to October each year in these regions.

160 Three sites, Fengqiu (FQ), Yucheng (YC), and Luancheng (LC), were situated in north China.
161 The average annual temperature in this region was approximately 14°C, with an average annual
162 rainfall of around 600mm. The area featured a warm temperate subhumid continental monsoon
163 climate. The primary crops grown in this region were summer maize and winter wheat. The
164  growing season for summer maize spanned from June to September, while winter wheat was
165  cultivated from October to June of the following year.

166 The remaining four sites, namely Yanting (YanT), Taoyuan (TY), Yingtan (YingT), and

167  Changshu (CS), were located in the middle and lower reaches of the Yangtze River in China.
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168  These areas had an average annual temperature exceeding 15°C and annual precipitation
169  surpassing 1000mm. Early-season rice and single cropping rice were cultivated during the

170  growing season from March to May and April to July, respectively, in these regions.
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172 Fig.l The spatial distributions of agricultural ecology experimental stations. The histograms
173 represent the meteorological information of 9 agroecological experiment stations. P and T
174  represent the precipitation and temperature, respectively. Meteorological data are multi-year
175  average from 1980 to 2018 (Chinese Ecosystem Research Network Data Center,
176 http://www.nesdc.org.cn/) (Wang et al., 2017).

177 2.2 Noah-MP-Crop model

178 The Noah-MP-Crop model extends Noah-MP by coupling canopy radiation, energy - water
179  exchange, and process-based crop growth and carbon allocation modules to simulate crop
180  development responses to environmental conditions (Liu et al., 2016; Niu and Yang, 2004; Zhang
181 et al., 2020).

182 Photosynthesis in light and shade leaves is calculated separately, considering factors such as
183 light restriction, carboxylase restriction (Rubisco), and export restriction (C3). The total
184  photosynthesis rate (4) in units of g m? s’ is calculated as follows (Niu et al., 2011),

185 =12 x 10_6( sun sun T shd shd) (1)
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186  where Asun and Agiq represent the photosynthesis rates of light and shade leaves, respectively, and
187  Lgn and Lga denote the leaf area index (LAI) of light and shade leaves, respectively. The light

188  restriction (d4,), carboxylase restriction (Rubisco, 4.) and export restriction (4s) are represented

189 by:

190 = Jex x| 5))
(= )

191 = 3)

192 =05x 4

193 where ¢; is the CO2 concentration of leaf cavity, PAR; is photosynthetically active radiation (W
194  m?), ¢ is the CO2 compensation point, K. and K, (pa) are the Michaelis- Menton constants for
195  COz and O, QF is the quantum efficiency and VMAX is the maximum carboxylation rate, which

196  is quantified as:

—25

197 = 2Bx P ox ()x ()x (5)
198 where VMAX25 is the maximum carboxylationrate at 25°C, aymax is a temperature sensitive
199  parameter, ( ) a function that mimics thermal breakdown of metabolic processes, ( ) isa
200  foliage nitrogen factor, and is the soil moisture controlling factor. Carbohydrates produced by
201 photosynthesis are represented as:

202 CBHYDRAFX = %30 x x(1— )Xuca (6)
203 where IPA is the planting index of crop (1 or 0) and uca is a conversion factor (uca = 107).

204 In the Noah-MP-Crop model, crop phenological development is controlled by accumulated
205  growing degree days (GDD), which are used to delineate different growth periods throughout the
206  cropping cycle (Liu et al., 2016). The full growth cycle is divided into eight phenological growth
207  stages (PGS1-PGSS), spanning from the pre-planting phase to post-harvest conditions. Crop
208  growth dynamics in the model are tightly linked to the evolution of leaf area index (LAI), which
209  serves as a key state variable connecting biomass accumulation and photosynthetic activity.

210 LAI is updated on a daily basis according to simulated leaf biomass and crop-specific
211 specific leaf area (BIO2LAI). The updated LAI is then used as an input for calculating
212 photosynthesis on subsequent days, forming a feedback between growth and carbon assimilation:
213 = x 2 7
214 where Leafmass represents crop leaf biomass, BIO2LAI denotes the specific leaf area.

9
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215 Carbon assimilated through photosynthesis is distributed among different plant carbon pools
216  according to allocation fractions that vary by growth stage, with values ranging between 0 and 1.
217 During this process, part of the assimilated carbon is consumed by leaf respiration, which includes
218  both maintenance respiration and growth respiration. The maintenance respiration of leaves
219  (RSLEAF) is calculated as follows:

220 RSLEAF = 25 % X X x(1— )x30x (8)
221 where LFMR25 is the leaf maintenance respiration rate at 25°C, TF is a temperature-dependent
222 factor, FNF is a nitrogen regulation factor for respiration and, uca is a unit conversion factor (uca
223 =109).

224 Leaf growth respiration (GRLEAF) is then determined as a fixed fraction of the remaining
225  carbon after accounting for maintenance respiration:

226 GRLEAF = FRA_GR % ( () x CBHYDRAFX — )
227  where FRA_GR denotes the fraction allocated to growth respiration, LEPT(PGS) represents the
228  fraction of carbohydrates allocated to leaves at a given growth stage,and CBHYDRAFX is the

229 total carbon available for allocation.

230 2.3 Data

231 2.3.1 Forcing data

232 Atmospheric forcing data used in this study were obtained from the Global Land Data
233 Assimilation System (GLDAS; https://Idas.gsfc.nasa.gov/gldas/), a global land surface dataset
234 jointly developed by the National Aeronautics and Space Administration (NASA) Goddard Space
235  Flight Center (GSFC) and the National Oceanic and Atmospheric Administration (NOAA)
236 National Centers for Environmental Prediction (NCEP). GLDAS is designed to provide spatially
237  and temporally consistent land surface forcing fields for land surface and hydrological modeling
238  applications.

239 The GLDAS dataset provides global coverage from 1948 to 2020, with spatial resolutions of
240  0.25°X0.25° and 1°X 1°, and temporal resolutions ranging from 3-hourly to monthly. In this study,

241 we used the GLDAS NOAH2.1 product, which offers a 0.25° X 0.25° spatial resolution and a

10
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242 3-hourly temporal resolution, making it suitable for driving the Noah-MP-Crop model.
243 Meteorological forcing data covering the period 2000-2008 were used to drive the model
244  simulations. Among these, data from 2005 were selected for parameter optimization, while the full

245  multi-year period was retained for subsequent model evaluation.

246  2.3.2 Statical data

247 The static input data related to crops mainly include crop type, planting date, harvest date,
248  and irrigation ratio. Crop type and irrigation ratio were derived from the SPAM2010 (Spatial
249  Production Allocation Model) dataset, which provides the most recent globally gridded
250  representation of agricultural production around 2010 (Yu et al., 2020). This dataset has been
251 widely used to characterize the spatial distribution of crop systems and irrigation practices at the
252 global scale.

253 Information on crop planting and harvest dates was obtained from the global cropping
254  calendar developed by the Agricultural Model Intercomparison and Improvement Project (AgMIP)
255  (Elliott et al., 2015; https://doi.org/10.5281/zenodo.3773827), which provides standardized
256  phenological timing for major crop types. In addition to crop-specific inputs, land surface
257  characteristics required by the model, including land cover, land use, and soil type, were taken

258 from the WRF land surface dataset available at www2.mmm.ucar.edu.

259  2.3.3 Observation data

260 The observed data utilized in this study were obtained from the Chinese Ecosystem Research
261 Network (CERN) through their publication on the website http://www.nesdc.org.cn. These
262  datasets encompassed important variables such as the Leaf Area Index (LAI) and crop yield for
263 various crops, as presented in Table 1. The purpose of utilizing these datasets was to assess and
264  evaluate the performance of the model simulations, particularly during the parameter optimization
265  process, which is further described in Section 2.5.

266  Table 1 Observation information collected from nine ecological stations.

Stati Crops Variable ~ Period Sampling area (Crop Sampling number
ations
1/Crop 2) for each quadrat

11
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6-Quadrat number (10m
X 10m-Quadrat
area)/6(10m X 10m)

Fengqiu  Maize/Winte LALYie 2004-20
(FQ) r wheat 1d 08

. . . 5(Maize)/20(Wint
Yucheng Maize/Winte LALYie 2004-20  4(10m X 10m)/4(10m X heat)
er whea
(YC) r wheat 1d 08 10m)
Luanche Maize/Winte LALYie 2004-20  6(10m X 10m)/6(10m X
ng (LC) r wheat 1d 08 10m)
Hailun  Maize/Soybe LALYie 2004-20 6(5mX5m)/6(5mX5m)
(HL) an 1d 08 6(Maize)/6(Soybe
Shenyan  Maize/Soybe LALYie 2004-20  8(6mX4m)/8(6m X4m) an)
g (SY) an 1d 08
Yanting Ri LALYie 2004-20 6(5mX5m)/6(5m X 5m)
ice
(YanT) 1d 08 .
. 6(Rice)
Changsh Ri LALYie 2004-20 6(5m X 10m)/6(5m X
ice
u (CS) 1d 08 10m)
Taoyuan . LALYie 2004-20 6(5mX5m)/6(5m X 5m)
Early Rice
(TY) 1d 08 .
. . 6(Early Rice)
Yingtan . LALYie 2004-20  6(10mX 10m)/6(10m X
. Early Rice
(YingT) 1d 08 10m)
267 2.4 Parameter optimization
268 In this study, we proposed a parameter optimization method based on the Morris and Sobol

269  methods for parameter sensitivity analysis (Fig. 2). Firstly, the Morris method was employed to
270  screen and quantify the sensitivity of parameters related to crop growth in the model (Morris, 1991;
271 Section 2.4.2). Secondly, the Sobol' method was used to further analyze parameter sensitivity
272 (Saltelli et al., 2000; Section 2.4.3). Next, the model simulation results from the Morris and Sobol
273 analysis were screened using threshold values set by ( <100g m?) (equation 19) and

274 ( <2)(equation 20). Parameter groups (M,) that satisfied both conditions were selected.

12
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276 Fig.2 The flow chart of Parameter optimization.

277 2.4.1 The Morris method

278 The Morris method is a widely adopted screening technique for sensitivity analysis in

279  computational models (Morris, 1991). Rather than relying on a fully variance-based framework, it

280  provides a global view of parameter sensitivity by aggregating local effects-essentially first-order

281 responses-across the parameter space (Razavi and Gupta, 2015).

282 For a given parameter x;, sensitivity is quantified using the elementary effect (d;), which

283 measures the change in model output caused by a small perturbation in that parameter while

284  keeping others fixed. The elementary effect is defined as:

285 d _r(X+he)-y(X) (10)
Ai

286  Where X = (xy, ..., x») denotes the n-dimensional parameter vector, y(X) is the model output, e; is a

287  unit vector in the direction of parameter x;, A; is a predefined step size equal to a multiple of

288 1/(p—1), and p represents the number of discretized levels (quantiles) used to sample the parameter

289  space.

290 The Morris method evaluates multiple points in the parameter hyperspace and computes

291 summary statistics of the resulting elementary effects. Specifically, the mean value (x) reflects the

13
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292  overall influence of a parameter, while the standard deviation (o) captures the presence of
293 nonlinear effects or interactions with other parameters. To avoid cancellation effects caused by
294 non-monotonic model behavior, we follow the recommendation of Campolongo et al. (2007) and
295  use the mean of the absolute elementary effects (1*) as the primary sensitivity metric.

296 Both x* and o are calculated across multiple sampling trajectories, which together indicate
297  how thoroughly the parameter space has been explored. Larger x* values imply a stronger
298  contribution of a parameter to model output variability, while larger ¢ values suggest pronounced

299  nonlinear responses or parameter interactions (Lu et al., 2021).

300 2.4.2 The Sobol' method

301 Based on the results of the Morris screening analysis, a subset of influential parameters was
302  selected for further investigation using the Sobol’ sensitivity analysis. Parameters with a mean
303 absolute elementary effect (u*) greater than 25 g m? under different conditions were considered
304  sufficiently influential to warrant inclusion in the Sobol” analysis.

305 The Sobol” method is a variance-based global sensitivity analysis technique that decomposes
306  the total variance of model output into contributions from individual input factors and their
307  interactions (Sobol’, 1990). Using an analysis of variance (ANOVA)-like framework, this method
308  quantifies both the main effects of individual parameters and higher-order interaction effects,
309  making it well suited for models with nonlinear responses and strong parameter interactions

310 (Saltelli et al., 2000).

311 For a model with m input parameters, the total output variance V(Y) can be expressed as:

312 ()= + + o+ oo (11)
=1 l=<<

313 Here, = [ ()] represents the variance contribution from the main effect of parameter x;,

314 Vij represents denotes the contribution from the interaction between parameters x; and x;, and
315  higher-order terms describe interactions among multiple parameters. Unlike classical ANOVA,
316  this decomposition attributes output variability to uncertainty in the input parameters and naturally
317  accounts for irregular and nonlinear model behavior (Monod et al., 2006)

318 Sensitivity indices are then derived by normalizing these variance components with respect to

319 the total variance:

14



https://doi.org/10.5194/egusphere-2026-2969
Preprint. Discussion started: 7 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

320 =— (12)
321 = 0O - (13)

322 where V. is the sum of all variance components that do not involve parameter i. The first-order
323 sensitivity index S; measures the direct contribution of x; to output variance, while the total
324 sensitivity index ST7; captures the overall influence of x; (Saltelli et al., 2000), including both its
325  main effect and all interaction effects with other parameters.

326 Both S; and ST range from 0 to 1. Small values indicate negligible influence on the model
327  output, whereas values approaching 1 indicate strong control. The difference between S; and ST;
328  reflects the importance of interaction effects: if S; and ST; are similar, the effect of parameter x; is
329  largely independent of other parameters, suggesting an approximately additive response.
330  Following Vanuytrecht et al. (2014), a threshold of S7i = 0.15 was adopted in this study to

331 distinguish influential parameters from non-influential ones.

332 2.4.3 Optimization method

333 Based on the ranking of parameter sensitivity results, we constructed a function between the
334  parameter (x;) and the frequency (P(x;)) of parameter occurrence. The function is established
335 starting from the parameter with the greatest influence:

336 ()= 0) 14
337 Here, x represents the parameter values in M,, and i = 1, 2, 3, ... represents the order of parameter
338  sensitivity. In this study, all ( )= ( ) functions were unimodal. The unidimensional
339  optimization method was employed as the simplest and fundamental approach in optimization
340  design. The unidimensional search method follows a fundamental idea of first establishing the
341 search interval and then progressively narrowing it down through interval elimination principles to
342  obtain an approximate solution (Nocedal & Wright., 1999). In order to determine the optimal
343 solution by identifying the maximum frequency, we employ the golden section approach, which is
344  suitable for finding the maximum value of any unimodal function within a predefined interval and
345  optimizing the solution within that interval (Press, 2007). The specific methods are outlined as

346 follows:
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347 (1) Set the initial search interval [z;, z2] and convergence accuracy (c, set according to different
348  parameter types). The initial values of z; and z; in this study are respectively the maximum and
349  minimum values of the selected parameter x; (X;min, Ximax);

350 (2) z1,4 and z;, are calculated according to the golden section method, and the golden ratio is

351 0.618;
352 1, = 1+@—-)x(2— 1) (15)
353 1, = 1+ xX(2— 1) (16)

354 (3) The calculation of ( 4 )and ( j ) based on the formula (17);
355  (4) According to the principle of interval elimination method, the search interval is shortened. The

356  interval [z, z1] is obtained from step 2. (5, ) and (3 ) have the following three cases:

(v)< (o) of ()in[y, 2]

357 ( 1, ) > ( 1, ) of ()in[ 4, 1] (17)
(1)= (1) of ()in[q, 4]
358  where () is the maximum value of ( ) in equation (13). The new search interval

359 ([ 1. 2)) is obtained by elimination method.
360 (5) Check whether () inthe interval [ ; , ; ]meets the convergence precision; if not, return
361 to step 2; if so, take the average value of ; and ; as the approximate solution of the

362  maximum value of ( ).

363 2.4.4 Objective function

364 The optimization process in this study aimed to assess the agreement between observed and
365 simulated values by minimizing an objective function. Gupta et al. (1998) proposed several
366  objective functions suitable for parameter optimization. In this study, we employed the mean
367  absolute error (MAE) as the objective function. Considering that different parameter values can
368  yield similar effects, multiple objective variables, including crop yield and Leaf Area Index (LAI)

369  at various growth stages, were considered. The objective function was formulated as follows:

370 =1 | - | (18)
=1
371 =2 |- (19)
=1
TP =L = ) (20)
=1 =1

16



https://doi.org/10.5194/egusphere-2026-2969
Preprint. Discussion started: 7 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

373 Here, represents the objective function for crop yield, represents the objective function
374  for LAI and n denotes the number of observed and simulated values for crop yield and LAI. O
375  and S represent the observed and simulated values, respectively. Additionally, m corresponds to
376  the number of crop growth periods, which is equal to 4 based on Table 2. The weighting
377  coefficients for different growth stages, denoted as ;, were set to 1/4 in this particular study.

378  Table 2 Information about the growth stage of the four crops.

Crops Growth stages

Maize Seedling, Elongation, Tasseling, Maturation
Rice Tillering, Elongation, Heading, Maturation
Soybean Seedling, Branching, Flowering, Maturation

Winter wheat Resume growth, Elongation, Heading, Maturation

379 2.5 Model set-up and evaluation

380 In this study, 14 combinations of four crops and nine sites were considered, as detailed in
381 Table 2, with each combination representing a distinct growing season. Model simulations covered
382  the period from 2004 to 2008, with the 2005 data specifically used for parameter optimization
383 across these combinations, and the data from 2004 to 2008 employed for model evaluation. To
384  ensure the stability of initial conditions, a spin-up period from 2000 to 2003 was simulated
385 individually prior to the start of each growing season. All simulations were conducted under
386  irrigation-fed conditions, without accounting for water stress. The Noah-MP model encompasses
387  various land-surface states and processes, which are listed in Table S2. Since the focus of this
388 study is on the sensitivity of parameters related to dynamic crop growth (yield and LAI) in the
389  Noah-MP-Crop model, the default configuration for the physical processes in the model was
390  adopted (Table S2).

391 Sensitivity analysis (SA) was performed for each experimental site, with crop yield and leaf
392 area index (LAI) as the target outputs. The Morris method was first used to identify influential
393  parameters, using thresholds of u* greater than 25 g m for crop yield and 1 for LAI The crop
394  vyield threshold was based on Vanuytrecht et al. (2014), while the LAI threshold was determined
395  through expert knowledge of the study area. In the Morris SA, we sampled 10 elementary effects
396  per factor (r = 10) and considered 56 input factors (k = 56), resulting in 570 total model input sets

397 (r(k+1) = 570) (Morris, 1991). Given the 14 crop-site combinations, this led to a total of 7,980

17
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398  model runs (14 X 570).

399 After identifying the influential parameters through the Morris method, we applied the Sobol’
400  method to further analyze these parameters. For the Sobol’ analysis, we used only the remaining
401 input factors, excluding those deemed insensitive in the Morris analysis. The number of model
402  input sets for Sobol’ analysis was determined by the formula n(m + 2) , where n was set to 100 or
403 more, and m is the number of remaining parameters (Saltelli et al., 2000). In this study, 500
404  trajectories were used for each Sobol’ sensitivity analysis, resulting in 10,500 to 15,000 model
405  runs per site-crop combination.

406 Model performance was evaluated using a set of complementary statistical metrics designed
407  to capture different aspects of simulation accuracy. Specifically, we employed the root mean
408 square error (RMSE) following Willmott (1982), the coefficient of determination (R?) based on
409  the formulation of Nagelkerke (1991), and the mean absolute error (MAE). Together, these
410  indicators were used to quantify the agreement between simulated and observed values and to

411  provide a balanced assessment of overall model performance.
412 = (= )2 @n

(-2
=1

413 Z=1- 22)

L7
414  where S; is the simulations of model, O; is the observations and O is the average values of the
415  observations.

416 The key aspect of the parameter optimization method in this study lies in leveraging the
417  convergence accuracy (c) to refine the initial search interval [zi, zz] iteratively, ultimately
418  producing the optimal parameter range [ 1 , 1 ]. Consequently, in the discussion section, we also
419  evaluated the impact of incorporating the convergence factor to demonstrate the effectiveness and

420  robustness of our proposed method (Fig. 9,10).
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421 3 Results
422 3.1 Sensitivity of crop growth to model parameters

423 3.1.1 Parameter sensitivity patterns revealed by Morris screening

424 The Morris screening analysis was applied to explore how crop leaf area index (LAI) and
425  yield respond to variations in model parameters across different crops and growth stages. Fig. 3
426  and Fig. 4 present the normalized mean elementary effects (1«*) for maize, rice, soybean, and
427  winter wheat, with error bars illustrating the variability among different site-crop combinations.
428 For LAI (Fig. 3), a small group of parameters stands out for their consistently strong
429  influence throughout the growing season. In particular, parameters associated with CO»
430 assimilation (VCMX25, QE25, and LFMR25) dominate LAI sensitivity across all four crops.
431 Among these, LFMR25 becomes increasingly influential toward the later growth stages,
432 highlighting the growing importance of maintenance respiration as crops approach maturity. The
433 effect of QE25 on winter wheat LAI is noticeably weaker than for the other crops, which is likely
434 linked to the lower incoming solar radiation during the winter wheat growing season.

435 Beyond these broadly influential parameters, several others exhibit clear stage-dependent
436  behavior. During the seedling stage, LAI variability is strongly affected by soil moisture-related
437  parameters (SMCREF and SMCWLT) as well as the crop structural parameter BIO2LAI. As crops
438  transition into the rapid vegetative growth phase, structural parameters (most notably BIO2LAI
439 and LFPT PGS3) emerge as the dominant controls on LAI (Nu* > 0.5), while the influence of
440  soil-related parameters drops sharply (Nu* < 0.1). This shift is consistent with the model’s
441 irrigation configuration, which reduces the sensitivity of crop growth to soil moisture under non—
442 water-stressed conditions.

443 During the reproductive and maturity stages, the importance of structural parameters
444  gradually declines, and phenological parameters related to growing degree days (GDDS3 and
445  GDDS4) become the primary drivers of LAI variability (Nu* > 0.5). This pattern reflects their role
446  in controlling the length of vegetative and reproductive phases. Winter wheat shows a somewhat

447  different response, with the base temperature for growing degree days (GDDTBASE) exerting a
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stronger influence on LAI during the late growth stages than is observed for the other crops.
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Fig. 3. The mean elementary effect of normalization (Nu*) on crop leaf area index (LAI) during
different growth periods and the corresponding standard deviation of normalization (No) were
derived from the Morris analysis for various crops. The error bars indicate standard deviation of
the metrics among the site-crop combinations.

The Morris sensitivity results for crop yield (Fig. 4) reveal both clear overlaps with, and
notable differences from, the patterns observed for LAI. Similar to the LAI results, parameters
related to CO; assimilation (VCMX25, QE25, and LFMR25) show consistently strong influences
on simulated yield (Nu* > 0.5), underscoring the central role of photosynthetic capacity in
determining crop productivity.

Parameters associated with canopy structure and development, such as LFPT PGS3-4 and

BIO2LALI, also contribute substantially to yield variability, particularly during the rapid vegetative
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461 growth stages. The close correspondence between LAI and yield sensitivities during this phase
462  suggests that canopy development at this stage is a key determinant of final yield. In other words,
463  what happens to the canopy early on largely sets the stage for how much grain the crop can
464  eventually produce.

465 At the same time, yield sensitivity is not entirely explained by LAl-related processes. Several
466  parameters exert a strong influence on yield while having little or no effect on LAI. A clear
467  example is GRAINPT_PGSS5, which emerges as an important yield-related parameter but shows
468  negligible sensitivity for LAI, reflecting its direct role in grain formation rather than canopy
469  growth. Differences in sensitivity magnitude for parameters such as FOLN MX further highlight
470  that parameter importance can vary depending on which model output is being considered.

471 Using a u* threshold of 25 g m? to identify influential parameters, between 19 and 28
472  parameters are classified as influential for yield across the four crops. Among these, a core set of
473  parameters (VCMX25, QE25, AVCMX, LFMR25, LFPT PGS3-4, BIO2LAI, and
474  GRAINPT_PGSS5) consistently shows non-negligible effects for all crops, indicating their broad

475  importance in controlling yield simulations within the Noah-MP-Crop model.
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477  Fig.4 Mean elementary effect of normalization (Nu*) on crop yield and its standard deviation of

478  normalization (No) for different crops from the Morris analysis.

479 3.1.2 Quantitative parameter sensitivity and interaction effects

480 To further quantify parameter importance and the role of parameter interactions, Sobol’
481 sensitivity indices were calculated for the subset of parameters identified as influential by the
482  Morris screening. Both first-order (S;) and total (ST;) sensitivity indices were used to evaluate how
483  individual parameters and their interactions contribute to variations in crop leaf area index (LAI)

484  andyield.
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485 For LAI, the Sobol’ results for maize (Fig. 5a-d) largely mirror the patterns revealed by the
486  Morris analysis. Parameters related to photosynthesis and canopy structure dominate LAI
487  variability during the early growth stages, while parameters associated with leaf respiration
488  become increasingly important as the crop develops toward maturity. The strong consistency in
489  parameter ranking between the two methods lends confidence to the Morris screening results. At
490  the same time, noticeable differences between STi and Si indicate that parameter interactions play
491 a non-negligible role in shaping LAI dynamics. During the rapid vegetative growth stage, LAI
492  variability is mainly driven by first-order effects, whereas interaction effects become more
493  prominent during the seedling stage and again toward the end of the growing season.

494 Rice shows a broadly similar sensitivity pattern (Fig. 5e-h), although some crop-specific
495  features stand out. In particular, the structural parameter LFPT PGS3 exerts a dominant influence
496  during the late growth stage, explaining more than 50% of the total LAI variance. For rice,
497  differences among sites are expressed primarily through first-order sensitivity indices rather than
498  total indices, suggesting that the overall strength of parameter interactions remains relatively
499  stable under radiation-controlled growing conditions.

500 In soybean (Fig. 5i-1), parameter sensitivity peaks during the rapid vegetative growth stage,
501  while interaction effects become more important during both early establishment and late
502  development. Winter wheat exhibits a distinct response compared to the other crops (Fig. Sm-p).
503 In this case, the phenological parameter GDDTBASE plays a more prominent role, accounting for

504  approximately 20% of LAI variance during the late growth stage.
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506  Fig.5 The sensitivity indices (SlLar) for crops LAI at different growth stages using the Sobol
507  method. S; indicates the first-order sensitivity, S7Ti—S; represents parameter interactions. The error
508  bars indicate standard deviation of the metrics among the site-crop combinations. The parameters
509  areranked in descending order of ST;, and only the 6 most influential parameters are plotted.
510 The Sobol’ sensitivity analysis for crop yield (Fig. 6) reveals both shared patterns and clear
511 crop-specific differences. For maize, rice, and soybean (Fig. 6a-c), yield variability is largely
512 controlled by parameters related to CO: assimilation, most notably VCMX25, QE25, and
513 LFMR2S5. In these crops, parameter interactions make a substantial contribution to yield sensitivity,
514 accounting for roughly 30% of the difference between total and first-order sensitivity indices (S7; -
515 S). Among the assimilation-related parameters, LFMR25 stands out as particularly important for
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516  soybean, where it alone explains more than 20% of the total yield variance.
517 Winter wheat shows a different response. Although the ranking of influential parameters is
518  broadly consistent with the results of the Morris screening, interaction effects play a much smaller
519  role in determining yield variability. Instead, total sensitivity is dominated by first-order effects,
520  indicating that individual parameter contributions outweigh interactions. This pattern is likely
521 related to the narrower parameter ranges prescribed for winter wheat, which constrain the extent to
522 which parameter interactions can influence yield simulations.
(a)Maize_S1, (b)Rice_SL (c)Soybean_SL,, (d)Winter wheat_S1,,,
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524  Fig.6 The sensitivity indices for different crops yield (Slyid) using the Sobol method. The
525  parameters are ranked in descending order of Si, and only the 15 most influential parameters are
526  plotted.
527 3.1.3 Sensitivity-guided parameter optimization and optimized
528 parameter ranges
529 Building on the sensitivity results from the Morris and Sobol’ analyses, the influential
530  parameters were further refined using a sensitivity-guided optimization strategy. The optimized
531  parameter sets for different site-crop combinations are summarized in Table 3 and Tables S3-S5.
532 Across all crops, parameters associated with CO; assimilation, canopy structure, and phenological
533 development consistently emerged as the primary targets for optimization, highlighting their
534 central role in controlling crop growth dynamics.
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535

536 Among the photosynthesis-related parameters, both VCMX25 and QE25 show clear
537  variability across crops and sites. Optimized VCMX25 values range from 39.62 to 67.82 pmol m?
538 s”!. For maize, lower VCMX25 values are obtained at the SY and HL sites compared with YC, LC,
539 and FQ, which is consistent with the cooler climatic conditions at these northern locations and the
540  resulting constraints on Rubisco activity. In contrast, for the other crops, VCMX25 varies within a
541 relatively narrow range across sites, reflecting the absence of strong water or nitrogen stress under
542 the model's configuration. Optimized QE25 values fall between 0.061 and 0.085 pmol m? s and
543 are generally stable across crops and sites. An exception is rice at the YanT site, where lower
544  QEZ2S values likely reflect weaker light conditions during the growing season.

545 The respiration-related parameter LFMR25 also exhibits pronounced crop-specific behavior.
546 Optimized LFMR25 values cluster around 1.0 pmol m? s’ for maize, rice, and winter wheat,
547  whereas soybean consistently shows much lower values (< 0.5 pmol m? s!). This contrast likely
548  reflects cooler growing-season temperatures for soybean and a reduced demand for maintenance
549  respiration.

550 Structural parameters that regulate carbon allocation and canopy development display
551 coherent patterns across crops. The leaf partitioning parameters LFPT PGS3 and LFPT PGS4
552 decrease from early to late vegetative stages, indicating a gradual shift in carbon allocation away
553 from leaf biomass as crop development progresses. Consistent with this trend, optimized
554  LFPT PGS4 values are substantially lower than LFPT PGS3 values across all sit-crop
555 combinations. The parameter BIO2LAI, which links leaf biomass to leaf area, shows optimized
556  values ranging from 0.017 to 0.044 m? g'!. While site-to-site variability in BIO2LALI is relatively
557  limited, differences among crops are more evident, reflecting contrasting growth strategies and
558  canopy architectures.

559 Phenological parameters related to growing degree days, including GDD3 and GDD4, are
560  also adjusted through the optimization process. The optimized values remain within ranges
561 reported in previous studies, ensuring physiologically realistic representations of both early and
562  late vegetative growth durations. Taken together, these optimized parameter ranges provide a
563 consistent and physically plausible basis for improving crop growth simulations within the
564  Noah-MP-Crop model.
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565  Table 3 The model parameters of maize at different sites were optimized based on the results of

566  Morris and Sobol 'sensitivity analysis.

Parameter SY HL YC LC FQ Unit
AVCMX 4.18 5.55 3.88 4.06 4.34 --
BIO2LAI 0.031 0.030 0.024 0.025 0.029 m? g!
FOLN_MX 0.32 0.50 1.24 1.01 0.90 %
FRA_GR 0.13 0.10 0.06 0.07 0.04 --
GDDS3 599.63  549.74  699.44 684.43  554.37 GDD
GDDS4 1041.23 1146.11 1077.65 1033.30 1132.52 GDD
GDDTBASE 7.12 6.62 6.08 5.40 7.80 GDD

GRAINPT_PGS5 0.48 0.54 0.64 0.52 0.49 --
GRAINPT_PGS6 0.57 0.59 0.73 0.79 0.83 -

LFMR25 1.07 1.46 0.81 1.05 1.17 pumol m? ™!
LFPT_PGS3 0.54 0.59 0.53 0.50 0.63 -
LFPT_PGS4 0.30 0.30 0.20 0.18 0.20 --

QIOMR 4.21 4.73 9.20 7.83 9.22 -

QE25 0.079 0.082 0.080 0.074 0.085  pmolm?s’!

VCMX25 39.62 41.62 67.82 63.75 61.75  pmol m?s’!

567 3.2 Impacts of parameter optimization on LAI and yield simulations

568 3.2.1 Improvement in LAI simulations across sites and crops

569 Model performance for leaf area index (LAI) was evaluated using multi-year mean
570  observations at corresponding growth stages over the period 2004-2008. By averaging across
571 years, the analysis reduces the influence of interannual variability in observational quality. Table 4
572 presents the LAI evaluation index (¢;) for simulations driven by the original and optimized
573 parameter sets, where lower ¢, values indicate better agreement with observations.

574 Overall, parameter optimization leads to marked improvements in LAI simulations across all
575  crops. For winter wheat, ¢ is reduced by more than 70% at the YC, LC, and FQ sites, indicating a
576  substantial enhancement in model performance. Rice shows consistently improved results at all
577  sites (CS, TY, YanT, and YingT), with optimized ¢ values falling below 0.75 and reduction rates
578  exceeding 60%. For soybean, ¢; decreases by more than 50% at both HL and SY, although it is
579  worth noting that the original parameter set already performs relatively well at these sites (¢ < 1).
580  In the case of maize, parameter optimization results in an average reduction of approximately 40%

581 in ¢ across sites.
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582  Table 4 Comparison of crop LAI evaluation index () between original and optimized values of

583 model parameters.

Maize Rice Soybean Winter wheat
Stations  Original o Original L Original . Original oL
Optimization Optimization Optimization Optimization
value value value value
HL 1.50 0.81 -- -- 0.86 0.42 -- --
SY 1.77 1.07 -- - 0.83 0.28 - --
YC 2.40 1.46 -- - - -- 2.38 0.33
LC 1.60 0.90 -- - - -- 2.78 0.63
FQ 1.97 1.48 -- - - -- 2.03 0.39
CS -- - 2.15 0.62 - -- - --
TY -- -- 1.52 0.56 - -- - --
YanT -- -- 2.54 0.73 -- -- - --
YingT -- -- 1.86 0.63 - -- - --

584  3.2.2 Stage-dependent reductions in LAI simulation errors

585 Changes in LAI simulation accuracy across different growth stages were further evaluated
586  using mean absolute error (MAE), as shown in Fig. 7. During the seedling stage, MAE values
587  remain below 0.5 for all crops, and the differences between the original and optimized parameter
588  sets are relatively small. This indicates that LAI during the early growth stage is already
589  reasonably well represented by the model, leaving limited scope for improvement.

590 In contrast, much stronger improvements are observed during the rapid vegetative growth or
591  jointing stage. After parameter optimization, MAE values decrease by more than 40% for all crops,
592 with rice showing the largest improvement, with an MAE reduction of nearly 80%. As crops enter
593 the reproductive stage, LAI simulated with the optimized parameters closely matches observations,
594  with MAE values around 0.5 and reduction rates exceeding 50%. Improvements during this stage
595  are particularly pronounced for maize and winter wheat, both of which exhibit MAE reductions
596  greater than 80%.

597 At maturity, LAI simulations also benefit from parameter optimization. MAE values for rice,
598  soybean, and winter wheat decrease by more than 50%, indicating a clearer improvement in the

599  representation of late season canopy dynamics.
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Fig.7 Comparison of MAE values for LAI of four crops at different growth stages between
original and optimized values of model parameters. The boxes represent the 25th—75th percentiles,
whiskers (the horizontal lines linked to boxes by the dotted line) represent the 1.5 interquartile

range (IQR), and thick dashed inboxes show the mean values of all the site-crop combinations.

3.2.3 Enhanced crop yield simulations after parameter optimization

The effects of parameter optimization on crop yield simulations are shown in Fig. 8, which
compares simulated and observed yields over the period 2004 to 2008. The largest improvements
are observed for rice and winter wheat. When using the original parameter set, yield simulations
for these two crops are strongly underestimated, and in some cases the simulated values are close
to zero. After parameter optimization, agreement with observations improves substantially, with
R? increasing to 0.88 for rice and 0.80 for winter wheat. At the same time, RMSE is reduced from
695.6 g m™ to 64.0 g m? for rice and from 555.2 g m? to 83.9 g m? for winter wheat.

For maize, parameter optimization also leads to noticeable improvements. The coefficient of
determination increases to 0.62, while RMSE decreases to 105.0 g m™?, corresponding to
improvement rates of approximately 27 percent and 77 percent, respectively. Soybean yield
simulations show a different response. Although RMSE remains below 100 g m? for both the
original and optimized parameter sets, the agreement with observations improves markedly, with
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Fig.8 Comparison of RMSE and R? values for yield of four crops between original and optimized

values of model parameters. a, b, ¢ and d represent maize, rice, soybean and winter wheat.

4 Discussion

4.1 Key parameter controls on crop LAI and yield in Noah-MP-Crop

Crop growth in the Noah-MP-Crop model is represented through a series of empirical
formulations that describe key physiological processes, including photosynthesis, respiration,
carbon allocation, tissue turnover, and senescence (Liu et al., 2016). Although the model applies a
unified crop growth framework to different crop types, the sensitivity patterns identified in this
study suggest that maize, rice, and soybean are controlled by broadly similar sets of parameters,
with relatively limited differences among them. Winter wheat, however, shows a distinct
sensitivity response, which can be attributed to its longer growth period and unique phenological

development.
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632 Across all crops, parameters regulating CO> assimilation consistently emerge as the dominant
633 controls on both leaf area index (LAI) and yield. In particular, VCMX25, QE25, and LFMR25
634  exert strong and robust influences in both the Morris screening and Sobol’ analyses. Similar
635 sensitivity patterns have been reported in previous studies focusing on vegetation dynamics within
636  the Noah-MP framework (Shu et al., 2022), underscoring the central role of photosynthetically
637  assimilated carbon in driving canopy development. In Noah-MP-Crop, LAI growth is directly
638  linked to net carbon assimilation from photosynthesis (Collatz et al., 1991), which provides a clear
639  mechanistic explanation for the high sensitivity associated with these parameters. The importance
640  of VCMX25 as a key determinant of photosynthetic capacity has also been widely documented in
641 land surface and ecosystem models (Bonan et al., 2011). Comparable conclusions have been
642  drawn from crop models based on light use efficiency or radiation driven formulations, including
643 STICS (Brisson et al., 1998), EPIC (Williams, 1990), and CERES (Jones et al., 1986), where
644  photosynthesis and radiation related parameters exert strong control over simulated crop growth
645  and yield (Campos et al., 2018; Li et al., 2019).

646 The dominance of photosynthesis related parameters can be further understood from their
647  physiological interpretation. VCMX25 represents the maximum carboxylation capacity of Rubisco
648  under light saturated conditions and is fundamentally constrained by photosynthetically active
649  radiation and enzyme kinetics (von Caemmerer and Farquhar, 1981). As a result, VCMX25 is
650  sensitive to environmental factors such as temperature, water availability, atmospheric CO2
651  concentration, and soil nitrogen status, all of which influence carboxylation efficiency during leaf
652  photosynthesis. In this study, optimized VCMX25 values for maize are lower at the SY and HL
653 sites than at YC, LC, and FQ. This pattern is consistent with the cooler temperature conditions at
654  SY and HL, which likely limit Rubisco activity. For the other crops, site to site variability in
655  VCMX25 is comparatively small, reflecting the absence of strong water or nitrogen stress in the
656  Noah-MP-Crop simulations. Optimized QE25 values fall within a relatively narrow range from
657  0.061 to 0.085 umol m? s, consistent with previous estimates of intrinsic light use efficiency
658  (Skillman, 2008; Yin et al., 2014). The limited spatial variability in QE25 across most crops
659  suggests that light availability plays a secondary role compared to temperature driven constraints
660  on photosynthetic capacity.

661 Respiration related parameters also contribute to crop specific sensitivity patterns. LFMR25
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662  represents a baseline maintenance respiration rate that is modulated by plant water status, energy
663 availability, and air temperature (Arsenault et al., 2018). The consistently lower optimized
664  LFMR25 values obtained for soybean compared with maize, rice, and winter wheat likely reflect
665  cooler growing season temperatures and reduced maintenance respiration demands. This
666  difference highlights contrasts among crops in carbon utilization efficiency.

667 Beyond photosynthesis and respiration, crop structural parameters play an important role in
668 shaping canopy development and LAI dynamics. Parameters such as LFPT PGS3 and
669  LFPT PGS4 regulate the allocation of assimilated carbon to leaf biomass during early and late
670  vegetative growth stages. The optimized values indicate a progressive reduction in leaf carbon
671 allocation as crops advance toward reproductive development. The parameter BIO2LAI governs
672  the conversion between leaf biomass and leaf area and reflects trade offs between structural
673 investment and light interception efficiency (Zhou et al., 2020). While optimized BIO2LAI values
674  show relatively limited variability among sites, differences among crops are more pronounced,
675  which is consistent with contrasting growth strategies and canopy architectures.

676 Crop phenology represents another important source of variability in simulated LAI and yield.
677 Parameters controlling growing degree day requirements, including GDDS2 to GDDS4, exert a
678  stronger influence on winter wheat than on the other crops, particularly during the late growth
679  period. This heightened sensitivity can be explained by the longer growing season of winter wheat
680  and its greater cumulative carbon assimilation for a given increment in growing degree days.
681  Under these conditions, small changes in phenological timing can translate into relatively large
682  differences in biomass accumulation. As an autumn sown crop, winter wheat requires
683  vernalization, meaning prolonged exposure to low temperatures during early development, to
684  achieve normal reproductive growth (Campos et al., 2018). Because vernalization processes are
685  not explicitly represented in the Noah-MP-Crop model, phenological parameters such as
686  GDDTBASE become especially important for controlling simulated LAI and yield in winter
687  wheat. This limitation points to a clear direction for future model development aimed at improving

688 the representation of winter crop phenology.
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689 4.2 Implications of sensitivity-guided parameter optimization for

690  crop modeling

691 Parameter optimization has long been recognized as an effective way to reduce uncertainty in
692  land surface models, especially as these models are increasingly used in environmental assessment
693 and climate related applications that demand higher accuracy (Shu et al., 2022; Samaniego et al.,
694  2018). Within this broader context, the results of this study show that combining global sensitivity
695  analysis with interval based parameter refinement can lead to substantial improvements in crop
696  growth simulations within the Noah-MP-Crop framework.

697 By restricting optimization to parameters identified as influential, the sensitivity guided
698 strategy produces clear gains in both LAI and yield simulations across all crops. Relative to
699  simulations using the original parameter ranges, the optimized parameter intervals reduce yield
700  RMSE by 49 to 90 percent and lower the LAI evaluation index ¢; by 39 to 81 percent, as shown in
701 Figs. 9 and 10. These improvements are consistent with earlier studies demonstrating that targeted
702  parameter optimization can significantly enhance model performance without incurring excessive
703 computational costs (Sun et al., 2021). Similar advantages of interval based parameter estimation
704  have also been reported in other modeling studies, where constraining parameter ranges helps
705  reduce uncertainty while maintaining physical interpretability of model behavior (Waheed et al.,
706 2020).

707 A key implication of this approach is that performance improvements are achieved not by
708  expanding the parameter search space, but by narrowing it in a way that is informed by parameter
709  sensitivity. The optimized parameter intervals consistently outperform simulations based on
710  default parameter values, as illustrated in Figs. 7 and 8. This suggests that a substantial fraction of
711  the uncertainty in Noah-MP-Crop simulations arises from overly broad or weakly constrained
712 parameter ranges, rather than from limitations in model structure alone. These findings highlight
713 the importance of sensitivity analysis as a prerequisite for efficient and robust parameter

714 calibration in complex crop and land surface modeling systems.
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The effectiveness of the interval based optimization also depends on how convergence

3
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criteria are defined when identifying optimal parameter ranges. In this study, convergence

precision was determined using frequency based metrics derived from Sobol based parameter
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724  sampling (Saltelli et al., 2000). The selected threshold captures approximately 80 percent of
725  parameter sets that satisfy the objective function criteria ¢,<100 and ¢/<2, indicating a reasonable
726  balance between reducing parameter uncertainty and maintaining solution robustness. The use of
727  Latin hypercube sampling, together with sample sizes on the order of 10* model realizations, is
728  consistent with existing recommendations for high dimensional parameter optimization in land
729  surface modeling studies (Abolafia Rosenzweig et al., 2022).

730 Overall, these results suggest that sensitivity guided, interval based parameter optimization
731 offers a practical and efficient pathway for improving crop representations in land surface models.
732 Rather than adding new processes or increasing model complexity, this approach focuses on
733 making better use of the existing model structure by identifying and constraining the parameters

734 that exert the strongest control on simulated crop growth and yield.

735 5 Conclusion

736 This study addresses parameter uncertainty in the Noah-MP-Crop model by integrating
737  global sensitivity analysis with sensitivity guided parameter optimization across multiple crops
738  and agricultural sites in China. Using the Morris screening method and Sobol variance based
739 analysis, we identify key parameters controlling crop leaf area index and yield, and clarify the
740  relative importance of individual parameters and their interactions across growth stages. The
741 results consistently show that parameters related to CO, assimilation, carbon allocation, and
742  phenological development dominate crop growth simulations, with photosynthetic capacity,
743  maintenance respiration, canopy structure, and growing degree day requirements exerting strong
744 control over both LAI dynamics and final yield. While maize, rice, and soybean exhibit broadly
745 similar sensitivity patterns, winter wheat shows distinct phenological sensitivity linked to its
746  longer growth duration and simplified representation of winter crop processes in the model.
747  Building on these insights, sensitivity guided parameter optimization substantially improves
748  model performance without increasing model complexity, leading to pronounced reductions in
749  LAI and yield errors across all crops, particularly during rapid growth and reproductive stages.
750  Overall, this study demonstrates that combining global sensitivity analysis with targeted parameter

751 optimization provides a practical and effective pathway for reducing parameter uncertainty and
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752 improving crop growth simulations in land surface models under diverse environmental
753 conditions.
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