
1 

 

Quantifying key parameter sensitivities for water table depth in 

hydrological schemes of CoLM-PSUADE 

Tingting Wu1,2, Shupeng Zhang3, Xiaofan Yang1,2, and Yongjiu Dai3 

1State Key Laboratory of Earth Surface Processes and Disaster Risk Reduction, Faculty of Geographical Science, Beijing 

Normal University, Beijing, 100875, China 5 
2Guangdong Provincial Observation and Research Station for Coupled Human and Natural Systems in Land–ocean 

Interaction Zone, Beijing Normal University, Zhuhai, 519087, China 
3School of Atmospheric Sciences, Sun Yat-sen University, Zhuhai, 519000, China 

Correspondence to: Xiaofan Yang (xfyang@bnu.edu.cn) 

Abstract. Accurately representing groundwater dynamics in land surface models (LSMs) is crucial for understanding water-10 

energy cycles and assessing water resources. However, most LSMs lack systematic sensitivity analyses of parameters 

regulating water table depth (WTD). This study couples the Common Land Model (CoLM) with Problem Solving 

environment for Uncertainty Analysis and Design Exploration (PSUADE) in a single-point framework to facilitate 

systematic parameter analysis and calibration aimed at improving WTD simulation. The CoLM-PSUADE framework was 

then applied to evaluate groundwater-related parameters using WTD observations from the Gongga Mountain site. A 15 

comprehensive analysis integrating qualitative sensitivity analysis, quantitative sensitivity analysis, and parameter 

optimization techniques was conducted to evaluate the sensitivity of 56 parameters associated with key hydrological 

processes and to determine their optimal ranges. The results indicate that eight parameters can be identified as robustly 

sensitive, including those controlling unsaturated soil water movement (56-soil_alpha, 53-soil_n), subsurface runoff (40-

rsubmax), plant hydraulic processes (49-beta, 45-krmax, 46-ck0), and net surface water infiltration (4-alpha_rain, 10-20 

rhol_nir). Among them, the subsurface runoff parameter 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 exhibits a well-defined optimal range (on the order of 10⁻⁴) 

and can regulate both the magnitude of subsurface runoff and its decay with increasing WTD when combined with another 

empirical parameter in the SIMTOP (Simple TOPMODEL-based) scheme, 𝑓𝑑𝑟𝑎𝑖, thereby exerting strong control on WTD. 

The soil hydraulic parameter 𝛼 shows the highest sensitivity. It regulates unsaturated hydraulic conductivity and soil water 

retention, thereby exerting a dominant influence on the variability and lagged response of WTD. Based on these findings, a 25 

stepwise calibration strategy is recommended, in which the subsurface runoff parameters (𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  and 𝑓𝑑𝑟𝑎𝑖 ) are first 

adjusted to constrain the mean WTD, followed by optimization of other key parameters, such as 𝛼, to improve the temporal 

dynamics of WTD. It is demonstrated that CoLM-PSUADE provides a useful tool for sensitivity-guided parameter 

optimization in high-dimensional LSMs and hydrological models. 

 30 
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1 Introduction 

Groundwater, as a key component of the hydrological cycle, modulates water and energy balances by regulating soil 

moisture and evapotranspiration, which in turn affects the climate system and terrestrial ecosystem (Vogelbacher et al., 

2024). Hence, groundwater processes of varying complexity are increasingly represented in land surface models (LSMs), 

such as Variable Infiltration Capacity (VIC) (Liang et al., 2003), Noah-MP ((Niu et al., 2007; Niu et al., 2011; Yang et al., 35 

2011), Community Land Model (CLM) (Gulden et al., 2007; Maxwell and Miller, 2005), and Common Land Model (CoLM) 

(Dai et al., 2019a), all of which simulate land surface processes and land–atmosphere interactions. These developments 

enable investigations into the important role of groundwater in regulating soil moisture (Akhter et al., 2025), 

evapotranspiration (Maina et al., 2022), and vegetation dynamics (Gou et al., 2018), as well as in moderating global warming 

and extreme weather events (Marchionni et al., 2020). In most LSMs, groundwater processes are typically solved within a 40 

variably saturated flow framework using pressure head or soil moisture profiles (Dai et al., 2019a; Yang et al., 2026), and are 

tightly linked with infiltration, runoff, and evapotranspiration processes (Jia et al., 2026). In addition, new modules such as 

plant hydraulics (Kennedy et al., 2019; Li et al., 2021) or new parameterizations of the soil water characteristic curve 

(Silwimba et al., 2025) have been progressively integrated into LSMs to investigate coupled interactions between water 

cycles and atmospheric feedback. Against this backdrop, LSMs have continued to evolve, with developments such as 45 

CoLM2004 (Dai et al., 2003), CoLM2014 (Dai et al., 2019b), and CoLM2024 (Bai et al., 2024). As a result, the simulation 

of groundwater dynamics has been increasingly dependent on new parameterization schemes. This trend highlights the need 

to accurately simulate water table depth (WTD) to better understand and predict groundwater behaviour in a changing 

climate.  

During the model calibration process, parameter uncertainty is widely recognized as one of the greatest sources of 50 

uncertainty in process-based LSMs (Raoult et al., 2025). Consequently, the appropriate specification of model parameters is 

essential for ensuring the accurate representation of land surface processes (Zheng et al., 2019; Tsai et al., 2021). 

Conventional hydrological modeling typically relies on manual calibration, in which simulated outputs are compared against 

observations to adjust parameter values. However, as LSMs continue to evolve and increasingly incorporate key components 

of the hydrological cycle, the energy balance, and biogeochemical processes (Dai et al., 2019c), the number of adjustable 55 

parameters has expanded substantially (from O(10) to O(100)) (Li et al., 2013). This growth renders parameter calibration a 

computationally expensive and time-consuming task, particularly for LSMs characterized by high-dimensional systems, 

strong nonlinear parameter interactions, and pronounced parameter space heterogeneity. Therefore, identifying the 

parameters that exert the dominant influence on model outputs is crucial for improving efficiency while maintaining 

accuracy. By fixing insensitive parameters or those that can be directly observed, the dimensionality of the adjustable 60 

parameters can be reduced, thereby lowering computational costs and enabling effective enhancement of model performance. 

In this process, many parameters without clear physical meaning cannot be directly measured, while they are essentially 

effective parameters (Raoult et al., 2025), such as empirical parameters used to control subsurface runoff. For these 
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parameters, sensitivity analysis becomes a critical tool for identifying the most influential ones (Ratto et al., 2012). Among 

available approaches, global sensitivity analysis methods have gained widespread application in nonlinear process-based 65 

models because they quantify both individual parameter effects and interaction effects on model outputs (Zhan et al., 2013; 

Erdal and Cirpka, 2019). Qualitative analysis methods provide intuitive rankings of relative parameter importance with 

fewer model runs, making them suitable for efficiently screening out insensitive parameters in high-dimensional systems 

(Guerrero et al., 2017). However, they do not explain how much of the performance variance is due to a given parameter. In 

contrast, quantitative approaches evaluate the contribution of each parameter to the total output variance, thereby enabling a 70 

more rigorous and comprehensive assessment (Gan et al., 2014). Nevertheless, such methods typically require a large 

number of model runs and thus incur substantial computational costs, especially for complex models with high-dimensional 

parameter spaces. Therefore, an integrated strategy that combines qualitative screening with subsequent quantitative 

assessment has increasingly become a common practice (Gan et al., 2014; Li et al., 2013). To further evaluate optimal 

parameter values, sensitivity analysis is commonly combined with parameter optimization techniques (Duan et al., 1994). In 75 

this context, integrated analysis platforms play an increasingly important role. In particular, the Problem Solving 

environment for Uncertainty Analysis and Design Exploration (PSUADE) software package offers a complete workflow that 

includes parameter sampling, sensitivity analysis, and parameter optimization (Tong, 2022b). PSUADE supports various 

sampling strategies and analysis methods, thereby enabling effective parameter screening and optimization in complex 

LSMs. 80 

Previous studies have successfully coupled PSUADE with the CoLM2014 (Li et al., 2013), the NCAR community 

atmosphere model (Pathak et al., 2020), the Sacramento Soil Moisture Accounting (SAC-SMA) model (Gan et al., 2014), 

and the Canadian Small Lake Model (CSLM; Guerrero et al., 2017) to evaluate the performance and computational 

efficiency of various sensitivity analysis methods and sampling strategies. However, these studies have largely focused on 

sensible and latent heat fluxes (Pathak et al., 2020), net radiation, soil temperature, and soil moisture (Li et al., 2013; 85 

Guerrero et al., 2017), while systematic sensitivity analysis targeting WTD remain scarce. Notably, most existing studies 

focus only on sensitivity analysis and uncertainty quantification, with limited efforts to further integrate parameter 

optimization based on sensitivity analysis results. Therefore, exploring the combined use of sensitivity analysis and 

parameter optimization within PSUADE can enable effective parameter estimation and evaluation. This combined approach 

improves the accuracy of WTD simulations and is of great significance for understanding the dynamic response of WTD to 90 

hydrological fluxes within land–atmosphere interactions. 

This study aims to improve WTD simulation by coupling CoLM2024 with PSUADE (CoLM-PSUADE). Through the 

integration of qualitative and quantitative sensitivity analyses, together with parameter optimization, key parameters 

affecting WTD simulations at the site scale, including those governing infiltration, runoff, evapotranspiration, and freeze-

thaw processes, are systematically identified, evaluated, and constrained. These results provide a scientific basis and 95 

practical guidance for improving WTD simulation and parameter calibration in LSMs. 

https://doi.org/10.5194/egusphere-2026-2275
Preprint. Discussion started: 23 April 2026
c© Author(s) 2026. CC BY 4.0 License.



4 

 

2 Data and methods 

2.1 Study area and datasets 

2.1.1 Study area 

In this study, we selected a long-term integrated observation site located in a mature Abies fabri forest in the Gongga 100 

Mountain region on the eastern Qinghai-Tibet Plateau (hereafter referred to as the GGF site) as the research domain. The 

GGF site is situated within the Yangtze River Basin (Fig. 1), at 29°34' N and 101°59' E, with an elevation of 3100 m. The 

site was chosen due to its shallow WTD, generally less than 2 m (see Section 3.4 for details), which enhances the interaction 

between key hydrological processes such as infiltration, runoff, evaporation, and freeze-thaw. In such shallow groundwater 

systems, the water table is located within or close to the rooting zone, and capillary rise can further extend the influence of 105 

groundwater into the unsaturated zone (Rohde et al., 2024). This strong coupling between groundwater and hydrological 

processes allows for a comprehensive sensitivity analysis of WTD on these critical parameters. Shallow groundwater 

systems, defined as those with WTD < 2 m (O'connor et al., 2019), are widespread globally (Fan et al., 2013), making this 

site particularly relevant for studying their behaviour. 

 110 

Figure 1: The location and digital elevation model (DEM) of study area.   
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The GGF site is characterized by a cold and humid climate, with a mean annual air temperature of approximately 4 ℃ and 

mean annual precipitation of about 1900 mm, most of which occurs between June and September (Zhao et al., 2017). This 

site, with its mature Abies fabri forest community, represents the typical altitudinal zonal vegetation type found between 

2800 m and 3600 m in the Gongga Mountain region (Sun et al., 2013; Zhao et al., 2017). The soil is classified as brown 115 

coniferous forest soil with the subclass albic brown coniferous forest soil. Soil texture characterization is based on the 

measured particle size compositions at five depth intervals (0–10 cm, 10–20 cm, 20–40 cm, 40–60 cm, and 60–100 cm), 

which were collected on 25 August 2005 and 27 September 2015 (Table 1) (Yang et al., 2020). As the particle size fractions 

were determined according to the United States Department of Agriculture (USDA) classification system, which defines 

sand (0.05–2 mm), silt (0.002–0.05 mm), and clay (<0.002 mm), the soil texture classification was consistently interpreted 120 

using the USDA system. Accordingly, the soil is predominantly identified as loamy sand or sandy loam, exhibiting a 

relatively uniform vertical distribution throughout the profile (Fig. 2).  

 

Figure 2: The soil texture classifications for samples collected at the GGF site in 2005 (A1, A2, A3) and 2015 (B1, B2, B3). A and 

B represent different sampling years, while 1, 2, and 3 denote three distinct plots. Each sampling point contains five measurements, 125 
representing soil depths of 0–10 cm, 10–20 cm, 20–40 cm, 40–60 cm, and 60–100 cm. 

The CoLM-PSUADE was used to conduct sensitivity analysis and parameter optimization for WTD simulation, providing 

insights into the coupled hydrological processes at this representative site. 

2.1.2 Forcing data and validation data 

The forcing and validation data are summarized in Table 1. Meteorological forcing for CoLM was obtained from the 130 

meteorological forcing dataset for the Third Pole (TPMFD), including precipitation, 2 m air temperature, 2 m specific 
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humidity, 10 m wind speed, near-surface air pressure, downward longwave radiation, and downward shortwave radiation 

(Jiang et al., 2025; Jiang et al., 2023; Shao et al., 2022). Soil hydrothermal parameters were sourced from the Global Soil 

Dataset for Earth System Modeling (GSDE) (Dai et al., 2019d; Shangguan et al., 2014a), which provides bulk density, 

thermal conductivity, volumetric and gravimetric fractions of soil particles, and key parameters of the van Genuchten model. 135 

The dataset is vertically discretized into eight layers corresponding to depths of 0–0.045 m, 0.045–0.091 m, 0.091–0.166 m, 

0.166–0.289 m, 0.289–0.493 m, 0.493–0.829 m, 0.829–1.383 m, and 1.383–2.296 m (Dai et al., 2019d). Leaf area index 

(LAI) data were derived from the reprocessed MODIS Version 6.1 LAI dataset (Yuan et al., 2011; Lin et al., 2023). WTD 

measurements at the GGF site were sourced from the dataset of groundwater levels in the Chinese Ecosystem Research 

Network (CERN) (Zhu et al., 2017b). The period 2005–2007 was used for sensitivity analysis, whereas 2005–2014 was used 140 

for parameter optimization. 

Table 1: The datasets used in this study. 

Data Type Source Coverage Resolution 

Soil texture 
National Ecosystem Science Data Center 

(https://www.nesdc.org.cn/)  

Point; 

Aug 2005, 

Sep 2015 

1 day 

Atmosphere 

National Tibetan Plateau Data Center Third 

Pole Environment Data Center 

(https://data.tpdc.ac.cn/） 

Tibetan 

Plateau; 

2005–2007 

1/30°; 

Hourly 

LAI 

Land-Atmosphere Interaction Research 

Group at Sun Yat-sen University 

(http://globalchange.bnu.edu.cn) 

Global; 

2005–2007 

15 "; 

8 days 

Soil hydraulic 

and thermal 

parameters 

Land-Atmosphere Interaction Research 

Group at Sun Yat-sen University 

(http://globalchange.bnu.edu.cn) 

Global 15 " 

WTD 
National Ecosystem Science Data Center 

(https://www.nesdc.org.cn/)  

Point; 

2005–2014 
Dailya 

aWTD observations were recorded at irregular intervals ranging from 1–9 days, with most measurements spaced 4–6 days apart. During 

model evaluation, simulated WTD values were matched with the corresponding observation dates. 

2.2 CoLM-PSUADE coupling framework 145 

2.2.1 PSUADE 

PSUADE software package, first released in 2007 and developed by Charles Tong, has been widely used for over 18 years 

and provides a comprehensive suite of tools for uncertainty analysis, sensitivity analysis, response surface analysis, and 

parameter optimization (Tong, 2022a, 2016). Notably, PSUADE is well suited for models with a large number of parameters 

and complex parameter interdependencies. 150 
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Core components of PSUADE include the sampling module, a simulator execution environment, and the analysis module 

(Fig. 3). The sampling module generates random samples based on user-specified parameters, their ranges, and the number 

of samples. The simulator execution environment, after the parameter samples have been constructed, propagates these 

sampled values to the simulator to produce corresponding outputs. The integrated environment in PSUADE enables 

simulator execution and results collection. In this study, the simulator is implemented as a Python script (Wu et al., 2026). 155 

When invoked by PSUADE, this script is responsible for launching CoLM and handling data exchange between PSUADE 

and CoLM, thereby achieving the coupling. The analysis module then evaluates the relationships between the sampled 

parameters and the resulting objective functions. In this study, qualitative sensitivity analysis, quantitative sensitivity 

analysis, and parameter optimization methods were employed (see Sect. 2.3 for details). 

 160 

Figure 3: Execution framework of PSUADE (modified from 

https://www5.in.tum.de/~neckel/siamuq18_slides_minisymp/2018_PSUADE_Tong.pdf). 

2.2.2 CoLM and adjustable parameters identification 

CoLM is built upon the foundations of the Bonan LSM (Bonan, 1996), the Biosphere-Atmosphere Transfer Scheme (BATS) 

(Dickinson et al., 1993), and the 1994 version of the LSM from the Institute of Atmospheric Physics, Chinese Academy of 165 

Sciences (IAP94) (Dai and Zeng, 1997; Dai et al., 2003). It can be applied in both offline mode and coupled configurations 

with global or regional climate models (Zhang et al., 2025). Following major updates in 2004 and 2014, the model has 

advanced to the CoLM2024 (Bai et al., 2024). In the latest version, substantial improvements have been implemented in the 

model grid structure (Huang et al., 2022; Dai et al., 2019c), vegetation subgrid representation (Dai et al., 2019c), and 
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fundamental datasets (Dai et al., 2019b; Dai et al., 2019d). Process parameterizations have also been substantially improved, 170 

including surface energy fluxes (Chen et al., 2024), hydrology (Dai et al., 2019a; Zhu et al., 2017a), and human disturbances 

(Zhang et al., 2025). CoLM2024 has also been successfully coupled with a general circulation model (GCM) (Xin et al., 

2019).  

The computational framework of CoLM is illustrated in Fig. 4. The execution of CoLM typically follows a sequential 

workflow of making surface data, making initial condition data, and executing the main program. Making surface data 175 

involves constructing the model grid and subgrid units, as well as aggregating high-resolution raw data to derive surface 

properties at the model grid scale. Making initial data defines the model’s initial states. The main program performs time 

integration of key land surface processes, including physical, chemical, biological, and anthropogenic processes. When the 

model is run in offline mode, atmospheric forcing data must be provided as input. In addition, depending on the model 

configuration, auxiliary inputs such as aerosol, nitrogen deposition, and ozone data may also be required and are read during 180 

model execution. The model outputs generally consist of surface property data, model state variables, and historical output 

data. 

 

Figure 4: Computational framework of CoLM (modified from https://github.com/CoLM-SYSU/CoLM-doc/). 

When coupled with PSUADE, the execution of CoLM is initiated by the simulator specified within PSUADE, which is 185 

implemented as a Python script in this study (Wu et al., 2026). Prior to execution, the script replaces the corresponding 

parameters in the CoLM source files using the sampled parameter values, after which the model is compiled and executed. 

The selection of adjustable model parameters is primarily guided by their relevance to WTD simulations, with careful 
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consideration of the strong linkages between the simulation process and key hydrological components such as infiltration, 

evaporation, runoff, freeze-thaw dynamics, and the vertical movement of soil moisture. Accordingly, a total of 56 key 190 

parameters associated with these processes were identified. Their physical meanings, value ranges, and the references for 

determining these ranges are summarized in Table 2.  

Table 2: Adjustable parameters and their ranges. 

NO. Parameter Physical meaning Unit Range Ref. 

1 ssi Irreducible water saturation of snow - [0.03, 0.07] 
(Colbeck, 1974; Li et al., 

2013) 

2 wimp 
A factor for controlling whether 

water is Impermeable 
- [0.01, 0.1] (Li et al., 2013) 

3 dewmx Maximum ponding of leaf area mm [0.05, 0.15] (Li et al., 2013) 

4 alpha_rain Coefficient of interception of rain - [0.25, 1.00] (Lawrence et al., 2007) 

5 all_snow_t 
Temperature at which all precip falls 

entirely as snow 
℃ [−5, 0] (Ding et al., 2014) 

6 all_rain_t 
Temperature at which precip falls 

entirely as rain 
℃ [1, 8] (Ding et al., 2014) 

7 cnfac 
Crank Nicholson factor between 0 

and 1 
- [0.25, 0.50] (Li et al., 2013) 

8 rhol_vis Shortwave reflectance of living leaf - [0.070, 0.105] (Li et al., 2013) 

9 rhos_vis Shortwave reflectance of dead leaf - [0.16, 0.36] (Li et al., 2013) 

10 rhol_nir Longwave reflectance of living leaf - [0.35, 0.58] (Li et al., 2013) 

11 rhos_nir Longwave reflectance of dead leaf - [0.39, 0.58] (Li et al., 2013) 

12 taul_vis 
Shortwave transmittance of living 

leaf 
- [0.04, 0.08] (Li et al., 2013) 

13 taus_vis 
Shortwave transmittance of dead 

leaf 
- [0.1, 0.3] (Li et al., 2013) 

14 taul_nir 
Longwave transmittance of living 

leaf 
- [0.1, 0.3] (Li et al., 2013) 

15 taus_nir Longwave transmittance of dead leaf - [0.3, 0.5] (Li et al., 2013) 

16 chil Leaf angle distribution factor - [−0.3, 0.1] (Li et al., 2013) 

17 zlnd Roughness length for soil surface m [0.005, 0.015] (Li et al., 2013) 

18 zsno Roughness length for snow m 
[0.0012, 

0.0036] 
(Li et al., 2013) 

19 htop0 Canopy top height m [20, 40] (Gao et al., 2003) 

20 sqrtdi Inverse sqrt of leaf dimension m−0.5 [2.5, 7.5] (Li et al., 2013) 
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21 Cd Leaf drag coefficient - [0.05, 2.00] (Shaw and Pereira, 1982) 

22 cd1 Free parameter - [1, 10] 
(Raupach, 1994; Dai et 

al., 2019d) 

23 Cs 

Drag coefficient of the substrate 

surface at height h in the absence 

Of roughness elements 

- [0.001, 0.003] (Raupach, 1994, 1992) 

24 Cr 

Drag coefficient of an isolated 

roughness element 

Mounted on the surface 

- [0.25, 0.40] (Raupach, 1994, 1992) 

25 gradm 
Slope of conductance-

photosynthesis model 
- [4, 9] (Li et al., 2013) 

26 binter 
Intercept of conductance-

photosynthesis model 
- [0.125, 0.375] (Li et al., 2013) 

27 vmax25 
Maximum carboxylation rate at 

25℃  
- [1×-5, 2×10-4] (Li et al., 2013) 

28 effcon 
Quantum efficiency of rubp 

regeneration 

mol CO2 

mol quanta−1 
[0.035, 0.350] (Li et al., 2013) 

29 shti 
Slope of high temperature inhibition 

function 
- [0.15, 0.45] (Li et al., 2013) 

30 slti 
Slope of low temperature inhibition 

function 
- [0.1, 0.3] (Li et al., 2013) 

31 hlti 
1/2 point of low temperature 

inhibition function 
K [278, 288] (Li et al., 2013) 

32 hhti 
1/2 point of higi temperature 

inhibition function 
K [303, 313] (Li et al., 2013) 

33 trdm 
Temperature coefficient of 

conductance-photosynthesis model 
K [300, 350] (Li et al., 2013) 

34 trda 
Temperature coefficient of 

conductance-photosynthesis model 
- [0.16, 1.95] (Li et al., 2013) 

35 tfrz Freezing temperature ℃ [−0.63, −0.19]  

36 fsatmax Maximum saturated fractional area - [0.28, 0.46] (Niu et al., 2005) 

37 sur_coef 
Exponential-fit coefficient for the 

topographic index's discrete CDF 
- [0.1, 0.9] (Niu et al., 2005) 

38 fsatdcfa 
Runoff decay parameter that 

determines recession curve 
m-1 [1, 10] (Niu et al., 2005) 

39 sur_imped Impedance parameter - [1, 10] (Lundin, 1990) 

40 rsubmax 

Maximum subsurface runoff when 

the grid cell mean water table depth 

is zero 

mm s−1 
[1×10−5, 

5×10−3] 
(Niu et al., 2005) 

41 sub_alpha 
Adjustable scale-dependent 

parameter 
- [1, 10] 

(Niu and Yang, 2006; 

Swenson and Lawrence, 

2012) 

42 soil_theta_sb Soil saturated water content mm3 mm−3 [0.25, 0.75] (Li et al., 2013) 
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43 soil_k_sc Hydraulic conductivity at saturation cm day−1 
[8.64, 

8640.00] 
(Li et al., 2013) 

44 kmax_sun0d 
Maximum sun branch、shaded 

branch、stem conductance 
m s−1 

[1×10−8, 

9×10−8] 
(Kennedy et al., 2019) 

45 krmax Maximum root conductivity m s−1 
[1×10−9, 

9×10−8] 
(Kennedy et al., 2019) 

46 ck0 
Shape-fitting parameter for 

vulnerability curve 
- [1, 5] (Neufeld et al., 1992) 

47 psi50_sun0 
Water potential at 50% loss of 

sunlit/shaded leaf tissue conductance 
mmH20 

[−8.6×105, 

−6.6×104] 

(Choat et al., 2012; He et 

al., 2025) 

48 d50 Depth at 50% roots cm [10, 30] 
(Schenk and Jackson, 

2002; Fan et al., 2016) 

49 beta 
Dimensionless 

Shape-parameter 
- [−3, −1] 

(Fan et al., 2016; Schenk 

and Jackson, 2002) 

50 capr 
Tuning factor to turn first layer T 

into surface T 
- [0.17, 0.51] (Li et al., 2013) 

51 soil_psi_se Saturated capillary potential mm [50, 500] (Li et al., 2013) 

52 soil_theta_r Residual soil moisture mm3 mm−3 [0.01, 0.10] 

(Ippisch et al., 2006; 

Schaap and Van 

Genuchten, 2006) 

53 soil_n_vgm 

Dimensionless coefficient that 

characterizes the shape of the 

retention curve 

- [1, 10] 
(Ippisch et al., 2006; Tian 

et al., 2018) 

54 k_accum Accumulation parameter - [0.02, 0.26] 
(Swenson and Lawrence, 

2012) 

55 m Melting factor - [1.0, 1.8] 
(Swenson and Lawrence, 

2012) 

56 soil_alpha_vgm Inverse of the air entry value mm−1 [0.001, 0.100] 
(Tian et al., 2018; Ippisch 

et al., 2006) 
aParameter 38 was applied to replace the decay factors in both surface runoff and subsurface runoff calculations. bParameter 42 was also used to update porosity values. 
cFor parameter 43, unit conversion was performed by converting the original values reported in the literature from mm/s to cm/day; dParameter 44 simultaneously 195 
updates the maximum conductance of sun branch, shaded branch, and stems. eParameter 51 is prescribed as a fixed small value in the new model version. Variations 

in this parameter have negligible effects on model outputs and are therefore serve as an indirect check within the sensitivity analysis. 

 

The key parameterization schemes adopted in CoLM, corresponding to the selection of adjustable parameters, are 

summarized in Table 3. The SIMTOP runoff scheme was used because it is well suited for large-scale runoff generation 200 

(Decker, 2015), thereby facilitating future regional-scale applications. For freeze-thaw processes, the supercooled-water 

scheme newly implemented in CoLM2024 was activated, while all other parameterizations remained consistent with default 

settings.  

Table 3: Summary of key parameterization schemes configured in CoLM. 

Parameterization schemes Configuration 

DEF_Interception_scheme 1: CoLM 

DEF_USE_SUPERCOOL_WATER true 
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DEF_Runoff_SCHEME 0: scheme from SIMTOP model 

DEF_SPLIT_SOILSNOW false 

DEF_VEG_SNOW false 

DEF_USE_VariablySaturatedFlow true 

DEF_USE_PLANTHYDRAULICS true 

DEF_RSS_SCHEME 1: SL14, Swenson and Lawrence  

DEF_THERMAL_CONDUCTIVITY_SCHEME 4: Balland and Arp 

 205 

In the simulations, CoLM was operated at a 30-min temporal resolution on a water-year basis, where a water year is defined 

from 1 October to 30 September of the following year. Because the TPMFD is provided in coordinated universal time (UTC), 

the water-year configuration was also specified in UTC time. For simulations spanning both 2005–2007 and 2005–2014, the 

2005–2006 water year was consistently repeated 10 times as a spin-up period to ensure the model reached dynamic 

equilibrium. The subsequent years (i.e. 2006–2007 or 2006–2014) were then used for model evaluation and analysis. The 210 

spin-up behaviour of WTD is illustrated in Fig. 5. The spin-up period of 10 years (𝑛 = 10) satisfies the criterion that the 

difference in annual mean WTD between two consecutive spin-up years is less than 0.1% of the annual mean (Hu et al., 

2023), as expressed in Eq. (1): 

|𝑉𝑎𝑟𝑛+1 − 𝑉𝑎𝑟𝑛| < 0.001 ∙ |𝑉𝑎𝑟𝑛|,         (1) 

where 𝑛  is the year for spin-up, 𝑉𝑎𝑟  is the variable (i.e. WTD), and the spin-up values are the ratios of the variable 215 

difference to the annual mean. 
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Figure 5: The model spin-up process for WTD, which pass the spin-up test when the curves fall into the green areas. 

2.2.3 CoLM-PSUADE coupling framework 

Coupling between CoLM and PSUADE was implemented by a Python-based linking script (Wu et al., 2026). Within this 220 

coupling framework, PSUADE was employed to randomly generate input parameter sets, control the execution of CoLM 

simulations through the linking script, and perform subsequent data analysis. CoLM was used to simulate the corresponding 

WTD for each input parameter set. The linking script served as an interface to transfer input parameters from PSUADE to 

CoLM and return analysis metrics calculated from the CoLM simulation results back to PSUADE. 

The detailed procedure is shown in Fig. 6. Firstly, the PSUADE input file (psuade.in) is configured to include key settings 225 

(such as the number of parameters, their ranges, the objective function, the sampling method, and the sample size) and the 

designation of a driver script for coupling with the external model (i.e. CoLM). Secondly, a custom script is developed to 

sequentially perform a series of tasks, including reading the sampled values of the 56 parameters, replacing the 

corresponding default values in the CoLM source files, compiling and executing CoLM, post-processing simulation outputs 

to calculate objective function values, and writing the aggregated results to the PSUADE output file (psuadeData). This 230 

procedure is repeated iteratively until the number of runs reaches the prescribed sample size. Subsequently, the built-in 

statistical methods in PSUADE are employed to analyze the relationships between parameter combinations and the 

https://doi.org/10.5194/egusphere-2026-2275
Preprint. Discussion started: 23 April 2026
c© Author(s) 2026. CC BY 4.0 License.



14 

 

evaluation metrics. Finally, the internal data analysis modules of PSUADE enable further investigations, such as statistical 

characterization of input-output relationships, sensitivity analysis, response surface construction, and parameter optimization. 

 235 

Figure 6: Coupling framework of CoLM-PSUADE. 

2.3 Sensitivity analysis 

2.3.1 Sensitivity analysis methods 

Sensitivity analysis often combines multiple analytical methods to screen sensitive parameters, particularly during the 

qualitative screening stage (Gan et al., 2014; Li et al., 2013). Previous studies have shown that Multivariate Adaptive 240 

Regression Splines (MARS) method performs better in identifying insensitive parameters, whereas the Sum-of-Trees (SOT) 

method is more effective in detecting highly sensitive parameters (Gan et al., 2014). Generally, MARS, SOT and Morris 

One-At-a-Time (MOAT) method yield comparable screening results (Li et al., 2013). Specifically, the MOAT method 

evaluates not only the overall importance of input parameters but also their interaction effects (Gan et al., 2014). According 

to the PSUADE handbook, MOAT is effective when the number of input parameters ranges from 10 to 100. The SOT 245 

method performs well with large random sample sizes, while MARS is a low-cost response surface modeling approach. 

Based on these considerations, this study selected MOAT (Morris, 1991), SOT (Breiman et al., 1984), and MARS (Friedman, 

1991) as global sensitivity analysis methods to qualitatively screen 56 parameters. 
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Following qualitative sensitivity screening, quantitative sensitivity analysis should be performed on the reduced parameter 

set to assess parameter sensitivity by computing the impact of the parameter on the total variance of model outputs. The 250 

Sobol method is often used for this purpose by providing robust variance-based sensitivity measures (Sobol, 1990; Sobol, 

2001). However, it requires a large sample size for high-dimensional problems, leading to high computational cost. To 

reduce the number of model runs, Sobol analysis can be conducted on a surrogate response surface model. Once the 

performance of the response surface model is validated, the response surface model-based Sobol method (RSMSobol) can be 

applied efficiently (Li et al., 2013). Therefore, RSMSobol was employed to validate the results of the qualitative screening in 255 

this study. Specifically, the Gaussian Process (GP) response surface model was adopted following the recommendations in 

the PSUADE and previous studies demonstrating its superior performance in approximating complex model responses 

(Gong et al., 2015).  

A comprehensive description of these methodologies, including their theoretical principles, min-max normalization, and 

response surface validation metrics, is provided in Appendix A. 260 

2.3.2 Sampling methods and sample size 

Based on the work of Li et al. (2014) and Gan et al. (2014), Monte Carlo (MC) and Latin Hypercube (LH) sampling were 

adopted for the SOT and MARS methods, respectively. In addition, the MOAT and SOBOL methods utilized their inherent 

sampling schemes, respectively. Regarding sample size, Li et al. (2014) concluded that sensitive parameters can be 

effectively screened when the sample size is 10 times the total number of parameters. Therefore, four sampling sizes, 265 

corresponding to 5, 10, 15, and 20 times the total number of parameters, were adopted to evaluate the qualitative sensitivity 

analysis results comprehensively. For quantitative sensitivity analysis, model runs were set between 20 and 150 times the 

number of different input dimensions to align with the approximately 1000–3000 runs reported in the studies (Li et al., 2013; 

Gan et al., 2014; Guerrero et al., 2017). Notably, unlike MARS and SOT, the MOAT and SOBOL methods require (n+1) 

and (n+2) runs per sample, where n represents the number of parameters. The detailed experimental design is summarized in 270 

Table 4. 

Table 4: Experimental design of the sensitivity analysis methods. 

Sensitivity analysis 

method 
Sampling technique Sample size 

MOAT MOAT 285, 570, 855, 1140 

MARS LH, MC 280, 560, 840, 1120 

SOT LH, MC 280, 560, 840, 1120 

SOBOL SOBOL 
Depends on the input parameter dimension; 

see Section 3.2 for details. 
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All experiments were run on a workstation with a 128-cores AMD EPYC 7C13 processor (2.0 GHz base clock) and 64 GB 

DDR4 RAM. Each sampling run typically requires approximately 30–40 minutes. 275 

2.3.3 Objective function 

The root mean square error (𝑅𝑀𝑆𝐸), mean absolute error (𝑀𝐴𝐸) and coefficient of determination (𝑅2) of the simulated 

WTD were adopted as objective functions for analysis. The corresponding equations are given as follows.  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑂𝑖 − 𝑆𝑖)

2𝑁
𝑖=1  ,          (2) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑂𝑖 − 𝑆𝑖|

𝑁
𝑖=1 ,                        (3) 280 

𝑅2 = 1 −
∑ (𝑂𝑖−𝑆𝑖)2𝑁

𝑖=1

∑ (𝑂𝑖−𝑂̅)2𝑁
𝑖=1

,                        (4) 

𝑂̅ =
1

𝑁
∑ 𝑂𝑖

𝑁
𝑖=1 ,                                       (5) 

where 𝑁 is the number of data points, 𝑂𝑖 and 𝑆𝑖 denote the observed and simulated values at the 𝑖-th time step, respectively, 

and 𝑂̅ is the mean of observed values. 

When calculating these evaluation metrics, model outputs originally recorded in Coordinated Universal Time (UTC) are first 285 

converted to local time, after which daily mean values are computed. The resulting daily averages are then temporally 

aligned with the observations, and the evaluation metrics are finally calculated based on the aligned data. 

2.3.4 Parameter optimization 

In this study, parameter optimization was performed on the previously screened sensitive parameters to reduce model 

complexity and mitigate computational costs (Gong et al., 2015). The optimization methods within the PSUADE framework 290 

were selected based on a comprehensive evaluation of the problem types (global or local), variable types (continuous, 

discrete, or categorical), and range constraints of variables. Consequently, Shuffled Complex Evolution (SCE), Particle 

Swarm Optimization (PSO), and Bound Optimization BY Quadratic Approximation (BOBYQA) were identified as suitable 

optimizers for bound-constrained continuous variables, with 𝑅𝑀𝑆𝐸 serving as the objective function. As the primary goal of 

the optimization was to demonstrate the validity of the identified sensitive parameters by enhancing WTD simulation 295 

accuracy, the comparison was restricted to results obtained within a fixed number of runs. Specifically, three optimization 

methods were compared within 500 runs, a duration during which the 𝑅𝑀𝑆𝐸 reached and maintained a stable state. In 

addition, LH sampling was employed due to its effective stochastic properties, which allow for superior optimization 

performance even with smaller sample sizes (Gong et al., 2015). This characteristic ensures the feasibility of using the stable 

minimum 𝑅𝑀𝑆𝐸 attained within 500 runs as the final evaluation index. Then, the parameter combination corresponding to 300 

the lowest 𝑅𝑀𝑆𝐸 was fed back into the CoLM to generate optimized WTD time series, which were then compared against 
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the baseline results obtained using default parameters. The specific principles of the selected optimization methods are 

summarized in Appendix B. 

3 Results 

3.1 Qualitative parameter screening 305 

Qualitative sensitivity scores for 56 parameters across the MOAT, MARS, and SOT methods, obtained using different 

sampling techniques and sample sizes relative to the 𝑅𝑀𝑆𝐸 objective function, are shown in Fig. 7. In the figure, longer 

pointers indicate higher parameter sensitivity. Notably, only the MARS and SOT methods consistently identified the same 

highly sensitive parameter (56-soil_alpha) at the sample size of 560. In other cases, results exhibit significant discrepancies 

in ranking. This variability indicates that sensitivity conclusions depend strongly on the analysis method and sampling 310 

design, and therefore should not be inferred from a single method or solely from the highest sampling level. Although 

previous studies on soil temperature and soil moisture have often adopted sensitivity results obtained at the maximum 

sample size (Li et al., 2013), such a practice may not be sufficient for WTD, as the present results reveal pronounced inter-

method variability that could mask critical sensitivity information. In addition, the quality of the generated samples was 

quantitatively evaluated using distance metrics, and detailed validation is provided in Sect. S1 of the supplementary material. 315 

Based on a cross-method evaluation, the number of significantly sensitive parameters, represented by prominently longer 

pointers in the radar chart, ranged from 1 to 16. Comparing different sampling techniques (column 2 vs 3 and column 4 vs 5) 

reveals that MC sampling tends to identify a broader set of sensitive parameters than LH sampling at equivalent sample sizes. 

Furthermore, the sensitive parameters identified using 𝑀𝐴𝐸 (Fig. S1) and 𝑅2 (Fig. S2) as objective functions were largely 

consistent with those based on 𝑅𝑀𝑆𝐸, except for the MARS-LH-280 and MARS-MC-280 cases. This consistency indicates 320 

that the dominant sensitivity structure is largely preserved across different objective functions. 
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Figure 7: Qualitative sensitivity analysis results based on the 𝑹𝑴𝑺𝑬 objective function. The numbers on the outer ring represent 

parameter indices (refer to Table 2 for the corresponding parameter definitions). The length of each pointer indicates the 

normalized sensitivity index, ranging from 0 to 1, with longer pointers denoting higher sensitivity. Each subplot title follows the 325 
format “sensitivity analysis method-sampling technique-sample size”. 

The results were further compared using a heat map (Fig. 8). As the sample size increased, the sensitivities of several 

parameters changed substantially. Compared with the case where the sample size was five times the total number of 

parameters, the sensitivities of parameters 1-ssi, 2-wimp, 6-allrain_t, 13-taus_vis, 17-zlnd, 25-gradm, 27-vmax25, 33-trdm, 

49-beta, and 53-soil_n increased markedly, whereas those of parameters 22-cd1 and 40-rsubmax decreased. For most 330 

parameters, sensitivity exhibited unstable and non-monotonic responses to increasing sample size. In contrast, parameter 56-
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soil_alpha consistently remained highly sensitive across different sample sizes, with normalized sensitivity values exceeding 

0.5 in most cases. Overall, parameter sensitivities varied irregularly with sample size, further highlighting the necessity of 

jointly analyzing results from multiple experiment designs to robustly identify stably high-sensitivity parameters.  

 335 

Figure 8: Normalized qualitative sensitivity analysis results (where 1 and 0 represent the most and least sensitive, respectively). 

The horizontal axis denotes parameter indices, while the vertical axis represents different analysis methods and sampling 

techniques, following the format “sensitivity analysis method-sampling method-objective function-sample size”. 
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To ensure a comprehensive sensitivity analysis while accounting for variations in methods, objective functions, and sample 

sizes, sensitive parameters were selected from two complementary perspectives: (1) integrating different analysis methods 340 

and sample sizes under a fixed objective function, and (2) integrating different objective functions and sample sizes under a 

fixed analysis method.  

Taking the first perspective as an example, the screening procedure is described as follows. Based on the earlier radar chart 

results, the number of notably sensitive parameters ranged from 1 to 16. For each combination of analysis method and 

sample size, the top 15 parameters in the sensitivity ranking were included in an initial candidate set. These parameters were 345 

then sorted primarily by their frequency of occurrence across all combinations, with higher frequency ranked first. In cases 

of equal frequency, their sensitivity rankings across different results were compared, and the final order was determined by 

the cumulative ranking value in ascending order. The top 10 parameters in the comprehensive ranking were ultimately 

identified as highly sensitive parameters. The combined set of highly sensitive parameters obtained under different objective 

functions constituted the final parameter set for this perspective. Parameters classified as highly sensitive under most 350 

objective functions were further regarded as stably sensitive parameters. The second perspective followed a similar 

procedure: with the analysis method fixed, sensitivity rankings from different objective functions and sample sizes were 

integrated to derive another set of highly sensitive parameters.  

From the perspective of fixed objective functions (Fig. 9), parameter 56-soil_alpha was consistently identified as the most 

sensitive parameter across all objective functions, demonstrating high stability and significance. Within the set of highly 355 

sensitive parameters derived by integrating the screening results of the three objective functions (Fig. 9d), aside from 56-

soil_alpha, parameters such as 45-krmax, 4-alpha_rain, 53-soil_n, 49-beta, 10-rhol_nir, 40-rsubmax, and 46-ck0 were also 

consistently classified as highly sensitive across multiple objective functions and are therefore considered as stably sensitive 

parameters. In contrast, parameters 19-htop0, 42-soil_thetas, 2-wimp, and 1-ssi were identified as highly sensitive under only 

one or two objective functions and are thus regarded as unstable highly sensitive parameters. 360 
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Figure 9: Highly sensitive parameters identified across various methods and sample sizes under different objective functions. The 

horizontal axis denotes parameter indices, while the vertical axis represents the frequency of occurrence. Labels above the bars 

indicate the total frequency for each parameter. Subplots (a)–(c) display the 10 most frequently identified sensitive parameters 

under the 𝑹𝑴𝑺𝑬, 𝑴𝑨𝑬, and 𝑹𝟐 objective functions, respectively. Subplot (d) shows the integrated results of (a)–(c), where labels 365 
within the bars indicate the frequency counts for each specific objective function. 

From the perspective of fixed analysis methods (Fig. 10), parameter 56-soil_alpha remained the most sensitive parameter. In 

addition to 56-soil_alpha, 45-krmax was the only parameter identified as the most sensitive across all analysis methods. 

Although the stably sensitive parameters selected under this perspective differed from those obtained under the previous 

perspective, parameters 53-soil_n, 10-rhol_nir, 49-beta, 4-alpha_rain, and 40-rsubmax followed 45-krmax in descending 370 

order of frequency. Parameter 46-ck0 ranked relatively lower, preceded by parameters 42-soil_thetas, 18-zsno, 24-Cr, and 

13-taus_vis. 

https://doi.org/10.5194/egusphere-2026-2275
Preprint. Discussion started: 23 April 2026
c© Author(s) 2026. CC BY 4.0 License.



22 

 

 

Figure 10: Highly sensitive parameters identified across various objectives and sample sizes under different sensitivity analysis 

methods. The horizontal axis denotes parameter indices, while the vertical axis represents the frequency of occurrence. Labels 375 
above the bars indicate the total frequency for each parameter. Subplots (a)–(c) display the 10 most frequently identified sensitive 

parameters under the MARS, SOT, and MOAT analysis methods, respectively. Subplot (d) shows the integrated results of (a)–(c), 

where labels within the bars indicate the frequency counts for each specific analysis method. 

Based on the comprehensive ranking results from the two aforementioned perspectives, eight parameters were identified as 

stable highly sensitive parameters: 56-soil_alpha, 45-krmax, 4-alpha_rain, 53-soil_n, 49-beta, 10-rhol_nir, 46-ck0, and 40-380 

rsubmax. The remaining highly sensitive parameters were classified as unstable. This process effectively identified key 

parameters that significantly influence WTD from the total set of 56 parameters. Given that the number of stably sensitive 

parameters is notably small relative to the total parameter count, the screening procedure demonstrates good applicability for 

this study. 

The aforementioned sensitivity ranking reflected the overall effect of the parameters, while the MOAT method can further 385 

reveal the characteristics of parameter interactions. In this approach, the importance of a parameter is indicated by the 

modified mean (𝜇𝑖
∗), with larger values indicating higher sensitivity. Meanwhile, the standard deviation (𝜎𝑖

∗) characterizes 

the strength of its interactions, where larger values imply stronger interactions with other parameters. Therefore, in the 

scatter plots of (𝜇𝑖
∗，𝜎𝑖

∗), parameters that are clearly separated from the main cluster, typically with large 𝜇𝑖
∗ and 𝜎𝑖

∗ , can be 

identified as sensitive. Their distribution further facilitates analysis of the relationship between parameter sensitivity and 390 
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interaction strength. Taking the experiment with a sample size of 285 as an example (Fig. 11), parameter 56-soil_alpha 

exhibited the maximum values for both 𝜇𝑖
∗ and 𝜎𝑖

∗, indicating that it was not only the most sensitive parameter but also the 

one with the strongest interaction effects. For other sensitive parameters, although interaction strength generally increased 

with sensitivity, certain exceptions were observed. For instance, the sensitivity rankings of parameters 45‑krmax, 19‑htop0, 

and 40‑rsubmax followed the order 40>19>45 (Fig. 11a), whereas their interaction strengths followed the order 45>19>40. 395 

In other words, the most sensitive parameter among them exhibited the weakest interactions, suggesting that higher 

sensitivity does not necessarily imply stronger interactions. Under other sample sizes (Fig. S3–S5), similar non‑monotonic 

relationships between sensitivity and interaction strength were observed, further confirming the sample dependence of 

qualitative results and the necessity of comprehensive multi‑perspective analysis. 

 400 

Figure 11: Sensitivity and interaction results from the MOAT method with a sample size of 285. The horizontal axis denotes the 

modified mean (𝝁𝒊
∗), and the vertical axis denotes the standard deviation (𝝈𝒊

∗). Subplots (a)–(c) correspond to the 𝑹𝑴𝑺𝑬, 𝑴𝑨𝑬, and 

𝑹𝟐 objective functions, respectively. 

3.2 Quantitative validation of key sensitivity parameters 

To validate the eight stably sensitive parameters influencing WTD identified through the previous multi‑perspective 405 

comprehensive screening, the RSMSobol method was employed for quantitative sensitivity analysis. This approach, based 

on response surfaces, accounts for varying input dimensions and sample sizes. The Sobol’ total-order indices (TSI) reflect 

the overall influence of each parameter on the objective function, where higher TSI values indicate a more significant impact 

on the output. 

Using all 56 parameters as inputs would lead to high dimensionality and substantial computational cost. Moreover, most 410 

response surface analysis methods are recommended for input dimensions below 20. Therefore, three parameter sets with 

different input dimensions (8, 12, and 21) were selected for analysis: the stably sensitive parameters (8 parameters), the 

sensitive parameters obtained from fixed‑objective‑function screening (12 parameters), and the sensitive parameters obtained 

from fixed‑analysis‑method screening (21 parameters). Detailed experimental configurations are provided in Table 5. 

 415 
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Table 5: Experimental design of the RSMSobol method. 

Input dimension Response surface 

Sample size 

Multiples of input dimension Model runs 

8 GP/logGP 

50 times 500 

100 times 1000 

150 times 1500 

12 GP/logGP 

40 times 560 

80 times 1120 

100 times 1400 

21 GP/logGP 

20 times 460 

40 times 920 

100 times 2300 

 

Because the earlier qualitative sensitivity analysis showed consistent sensitivity structures across different objective 

functions, only 𝑅𝑀𝑆𝐸 was used as the objective function in the RSMSobol quantitative analysis. A GP was used as the 420 

response surface model in all experiments. Additionally, due to the wide range of 𝑅𝑀𝑆𝐸  (Table S2), 𝑅𝑀𝑆𝐸  was 

log‑transformed (natural logarithm) in PSUADE, and a GP-based response surface was then constructed using the 

transformed data for quantitative analysis, hereafter referred to as logGP. Detailed validations of response surface models are 

provided in Sect. S2 of the supplementary material. 

In the quantitative sensitivity analysis for an input dimension of 8 (corresponding to the set of stably sensitive parameters; 425 

Fig. 12), parameter 56-soil_alpha exhibited a significantly higher TSI than the other parameters, contributing individually 

32%–72% to the relative importance. This is consistent with its stable and pronounced sensitivity observed in the qualitative 

sensitivity analysis. Among the remaining parameters, 53-soil_n, 49-beta, 45-krmax, 40-rsubmax, and 4-alpha_rain also 

showed relatively high sensitivity (Fig. S9). Across experiments with different sample sizes, the cumulative TSI proportion 

stabilized after 2–7 parameters, reaching values above 90%. Compared with GP, the cumulative proportion based on logGP 430 

tended to stabilize more rapidly. 
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Figure 12: Quantitative sensitivity ranking for an input dimension of 8 (corresponding to the number of stably sensitive 

parameters). The vertical axis denotes the relative importance based on TSI. The horizontal axis displays the parameter number, 

response surface method, and ranking number (from top to bottom). The curves represent the cumulative relative importance of 435 
parameters, ranked in descending order of importance. Note: “8–k times” in the subplot title denotes an experiment with 8 input 

parameters and a sample size equal to k times the number of parameters. 

When the input dimension is 12 (corresponding to the set of sensitive parameters obtained from fixed-objective-function 

screening), the stably sensitive parameters 56-soil_alpha, 53-soil_n, 49-beta, 45-krmax, 40-rsubmax, and 4-alpha_rain still 

retained high relative importance (Fig. 13). Among them, the relative importance of 56-soil_alpha alone reached 41%–57%. 440 

In terms of cumulative TSI proportion, the eight stably sensitive parameters accounted for 79%–89% of the total. This result 

further confirmed the reliability of the qualitative sensitivity screening. Other parameters, such as 1-ssi, 19-htop0, and 42-

soil_thetas, which, although not classified as stably sensitive, ranked among the top 8 (Fig. S10), explain the slightly lower 

cumulative TSI proportion. Notably, among the eight stably sensitive parameters, the cumulative importance showed a clear 

tendency to level off after the first 3–5 parameters. 445 

https://doi.org/10.5194/egusphere-2026-2275
Preprint. Discussion started: 23 April 2026
c© Author(s) 2026. CC BY 4.0 License.



26 

 

 

Figure 13: Quantitative sensitivity ranking for an input dimension of 12 (corresponding to the number of sensitivity parameters 

obtained by screening with fixed objective functions). The vertical axis denotes the relative importance based on TSI. The 

horizontal axis displays the parameter number, response surface method, and ranking number (from top to bottom). The curves 

represent the cumulative relative importance of parameters ranked in descending order of importance. Note: “12-k times” in the 450 
subplot title denotes an experimental configuration with 12 input parameters and a sample size equal to k times the number of 

parameters. 

When the input dimension was 21 (corresponding to the set of sensitive parameters identified using a fixed screening 

method), the high-ranking parameters among the eight stably sensitive ones remained concentrated on 56-soil_alpha, 53-

soil_n, 49-beta, 45-krmax, 40-rsubmax, and 4-alpha_rain (Fig. 14). Among these, the relative importance of 56-soil_alpha 455 

alone accounted for 13%–42%. The cumulative importance of the eight stably sensitive parameters within the total set of 21 

parameters was 36%–68%, which was lower than that obtained for an input dimension of 12. This decrease was mainly due 

to the relatively higher rankings of other parameters, such as 6‑all_rain_t_c, 43‑soil_ks, 31‑hlti, 42‑soil_thetas, 19‑htop0, 

1‑ssi, 24‑Cr, 33‑trdm, and 27‑vmax25 (Fig. S11). Similarly, the cumulative importance of the eight stably sensitive 

parameters tended to stabilize after the first 2–5 parameters. 460 
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Figure 14: Quantitative sensitivity ranking for an input dimension of 21 (corresponding to the number of sensitivity parameters 

obtained by screening with fixed screening method). The vertical axis represents the relative importance based on TSI. The 

horizontal axis displays the parameter number, response surface method, and ranking number (from top to bottom). The curves 

represent the cumulative relative importance of parameters ranked in descending order of importance. Note: “21-k times” in the 465 
subplot title denotes an experimental configuration with 21 input parameters and a sample size equal to k times the number of 

parameters. 

An integrated examination of the quantitative sensitivity analysis results across different input dimensions showed that, as 

the input dimension increased, the cumulative importance of the eight stably sensitive parameters decreased. This indicates 

that some non-stably sensitive parameters exerted a non-negligible influence on WTD dynamics in higher-dimensional 470 

parameter spaces. Nevertheless, within the stably sensitive parameter set, the importance distribution remained highly 

concentrated. In particular, 56‑soil_alpha, 53‑soil_n, 49‑beta, 45‑krmax, 40‑rsubmax, and 4‑alpha_rain consistently exhibited 

dominant contributions across different experimental settings. The subset composed of these six parameters accounted for a 

cumulative importance close to that of the entire stably sensitive set, indicating that this parameter combination captured the 

dominant controls on WTD. 475 
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3.3 Optimal estimation of key sensitivity parameters 

Parameter optimization experiments were performed based on the eight stably sensitive parameters identified in the previous 

screening to minimize the 𝑅𝑀𝑆𝐸 of the simulated WTD, aiming to determine the optimal parameter combination and its 

reasonable value ranges. It should be noted that, within a limited set of 500 optimization runs, the primary purpose of 

performing parameter optimization is to indirectly validate the effectiveness of the parameter screening process by 480 

comparing model performance before and after optimization. 

A comparison of the SCE, PSO, and BOBYQA methods revealed clear differences in their convergence characteristics and 

optimization performance (Fig. 15). In terms of overall behaviour, most 𝑅𝑀𝑆𝐸 values obtained by the SCE method were 

concentrated between 0.3 and 1 m, with occasional sharp peaks corresponding to failed solutions. As the number of 

evaluations increased, the low-𝑅𝑀𝑆𝐸  range became relatively stable after approximately 200 evaluations. For the PSO 485 

method, 𝑅𝑀𝑆𝐸 values were primarily clustered between 0.7 and 0.8 m and exhibited evident high-frequency oscillations. 

The curve did not show a clear convergence or downward trend with the increasing evaluation count, indicating that PSO 

was relatively sensitive to parameter combinations. In the case of BOBYQA, when the evaluations were less than 300, 

𝑅𝑀𝑆𝐸  remained relatively stable within the range of 0.4–0.8 m. However, once the evaluations exceeded 300, 𝑅𝑀𝑆𝐸 

increased markedly and fluctuations intensified, showing a stage-wise pattern, which suggests that this algorithm was 490 

sensitive to the underlying parameter distribution. Regarding optimization performance, the SCE method achieved the lowest 

𝑅𝑀𝑆𝐸  value of 0.368 m, demonstrating the best overall performance. Although the 𝑅𝑀𝑆𝐸  obtained by PSO exhibited 

considerable variability, its fluctuation range remained within a reasonable interval (0.5–1.2 m), and it was able to identify 

an optimal solution (0.532 m) within relatively few iterations. The minimum 𝑅𝑀𝑆𝐸 obtained by BOBYQA was 0.426 m, 

lying between the results of the other two methods. Overall, SCE outperformed PSO and BOBYQA in terms of convergence 495 

speed, stability, and solution quality, indicating that it is more suitable for parameter optimization in the CoLM. 
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Figure 15. Evolution of 𝑹𝑴𝑺𝑬 with the number of evaluations for the SCE, PSO, and BOBYQA optimization methods under a 

total of 500 runs. Note that the vertical axis for the SCE and BOBYQA methods is displayed on a logarithmic scale to 

accommodate the wide range of 𝑹𝑴𝑺𝑬 values. 500 

Based on the comparison of simulated WTD time series (Fig. 16), the optimal parameter set derived from the SCE method 

successfully captured the average temporal patterns of the observed WTD. In contrast, the simulations obtained using the 

PSO and BOBYQA methods showed a systematic overestimation. This result further highlights differences in parameter 

search capability among the three optimization methods. 
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 505 

Figure 16: Comparison between observed WTD and simulated time series generated by (a) SCE, (b) PSO, and (c) BOBYQA 

optimization methods after 500 evaluations. The vertical axis is displayed on a symlog scale to accommodate the wide range of 

values. 

To further analyze the distribution characteristics of parameters associated with favourable solutions, the top 20% of samples 

ranked by 𝑅𝑀𝑆𝐸 from low to high (hereafter referred to as low-𝑅𝑀𝑆𝐸 samples) and their associated parameter sets were 510 

selected for kernel density estimation (KDE) analysis. The KDE results (Fig. 17) showed that, for the SCE method, the 
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parameter distributions of the low-𝑅𝑀𝑆𝐸  samples were markedly more concentrated than those of the full sample set, 

indicating that optimal solutions were confined to specific parameter ranges. In particular, parameters 40-rsubmax (Fig. 17c) 

and 56-soil_alpha (Fig. 17h) exhibited the most pronounced convergence. The optimal values of 40-rsubmax were primarily 

clustered at the order of 10−4, whereas those of 56-soil_alpha were mainly distributed between 10−3 to 10−2. In contrast, for 515 

the PSO method (Fig. S12), the distributions of favorable solutions showed minimal deviation from those of the full sample 

set for most parameters, except for the parameter 40-rsubmax, suggesting a relatively limited optimization capability. The 

BOBYQA method (Fig. S13) failed to sufficiently explore the parameter space within 500 evaluations. 

 

Figure 17: Comparison of KDE for the top 20% low-RMSE parameter sets (red) versus the entire set of 500 evaluations (grey) 520 
obtained by the SCE method: (a) alpha_rain, (b) rhol_nir, (c) rsubmax, (d) krmax, (e) ck0, (f) beta, (g) soil_n, and (h) soil_alpha. 

Note that the horizontal axes for rsubmax and soil_alpha are plotted on a logarithmic scale to better visualize their distributions. 

The scatter plots of 𝑅𝑀𝑆𝐸 against parameter values further revealed the influence of key parameters on the optimization 

outcomes. For the SCE method (Fig. 18), parameter 40-rsubmax (Fig. 18c) exhibited a clear V-shaped pattern in its 

relationship with 𝑅𝑀𝑆𝐸, suggesting a well-defined optimal region. A similar feature appeared as a distinct branching pattern 525 

in the PSO method (Fig. S14). In contrast, no obvious trend was observed for the BOBYQA method (Fig. S15), likely due to 

its limited exploration of the parameter space. These results demonstrate that WTD simulations in the CoLM are highly 
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sensitive to parameter 40-rsubmax. Consequently, constraining this parameter to its optimal range prior to fine-tuning the 

remaining parameters could significantly improve simulation accuracy. 

 530 

Figure 18: Scatter plots of 𝑹𝑴𝑺𝑬 against parameter values based on 500 evaluations obtained during the SCE optimization 

process: (a) alpha_rain, (b) rhol_nir, (c) rsubmax, (d) krmax, (e) ck0, (f) beta, (g) soil_n, and (h) soil_alpha. 

Based on the optimal parameter combinations (Table 6), only three of the eight stably sensitive parameters, namely 56-

soil_alpha, 45-krmax, and 40-rsubmax, exhibited order-of-magnitude changes relative to their default values, further 

highlighting their pivotal roles in WTD simulations. The optimal parameter set obtained from the SCE method markedly 535 

improved the WTD simulation, reducing the RMSE by 72%, with simulated values clustering more closely around the 1:1 

diagonal (Fig. 19). The PSO and BOBYQA methods achieved improvements of 59% and 67%, respectively. It is worth 

noting, however, that pronounced “horizontal bands” were evident in the scatter plots both before and after optimization, 

where the simulated WTD remained nearly constant while the observed WTD varied. This phenomenon primarily occurred 

during the freeze-thaw period, indicating that the representation of freeze-thaw processes and their interactions with 540 

groundwater in the CoLM warrants further investigation. 
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Table 6: Comparison of the default and optimized values for the eight stably sensitive parameters. 

Parameter Default value 
Optimized value 

SCE PSO BOBYQA 

alpha_rain 2.500×10−1 5.477×10−1 6.95×10−1 3.614×10−1 

rhol_nir 3.500×10−1 5.524×10−1 5.80×10−1 4.360×10−1 

rsubmax 5.500×10−3 5.047×10−4 8.97×10−4 7.753×10−4 

krmax 3.981×10−9 6.563×10−8 9.00×10−8 8.196×10−8 

ck0 3.950 4.952 5.00 1.216 

beta -1.623 -1.277 -3.00 -1.694 

soil_n 1.256 8.934 1.00×101 5.774 

soil_alpha 2.243×10−2 6.579×10−3 1.00×10−2 2.262×10−3 

 

Figure 19: Scatter plots of observed versus simulated WTD using default (before optimization) and optimized parameter sets.  
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3.4 Validation of the optimized parameters 545 

The preceding analysis indicated that the SCE method achieved the most significant results in parameter optimization. To 

assess the robustness of the optimized parameters and indirectly validate the effectiveness of the selected parameter set, 

long-term WTD dynamics at the GGF site from 2006 to 2014 were simulated using the SCE-derived optimal parameter set 

(i.e. the set corresponding to the lowest 𝑅𝑀𝑆𝐸). 

A comparison of simulation results across different water years (Fig. 20) revealed that the optimal parameter set derived 550 

from the 2006–2007 water year reasonably captured the mean temporal trends of WTD in the subsequent years (2007–2014), 

with 𝑅𝑀𝑆𝐸 values ranging from 0.32 to 0.57 (Fig. 21). Notably, parameter 40‑rsubmax exhibited a distinct turning point in 

the aforementioned parameter– 𝑅𝑀𝑆𝐸 scatter relationship. When only this parameter was updated to its optimized value 

while keeping others at their default values, the 𝑅𝑀𝑆𝐸  ranged from 0.42 to 0.74. Under this configuration, the WTD 

simulations more effectively captured the fluctuation dynamics. However, such variability was not fully represented when 555 

the complete optimal parameter set was applied. 

 

Figure 20: WTD dynamics simulations for the 2006–2014 water years based on the default parameters (blue), the SCE-derived 

optimal parameter set (red), and the optimized subsurface runoff parameter (40-rsubmax) alone (green). 

In contrast, simulations using the default parameter set yielded higher 𝑅𝑀𝑆𝐸 values, ranging from 1.05 to 1.35 m (Fig. 21). 560 

Regardless of whether the complete optimal parameter set or only the optimized subsurface runoff parameter (40-rsubmax) 
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was used, the 𝑅𝑀𝑆𝐸  decreased significantly, with reductions of 57%–73% and 44%–63%, respectively. These results 

indirectly confirm the effectiveness of the selected parameters. 

 

Figure 21: 𝑹𝑴𝑺𝑬 of simulated WTD across different water years (2007–2014) based on the default parameters (blue), the SCE-565 
derived optimal parameter set (red), and the optimized subsurface runoff parameter (40-rsubmax) alone (green). 

4 Discussion 

4.1 The consistency of the screening results and physical interpretations 

The eight stably sensitive parameters including 56-soil_alpha, 53-soil_n, 49-beta, 40-rsubmax, 45-krmax, 4-alpha_rain, 46-

ck0 and 10-rhol_ for WTD simulations were comprehensively identified through both qualitative and quantitative sensitivity 570 

analyses. The key processes and calculation formulas related to the parameters are detailed in Sect. S4 of the supplementary 

material. 

From physical interpretations, parameters 56-soil_alpha and 53-soil_n govern the soil-water characteristic curve. By 

regulating critical thresholds such as field capacity and wilting point, they directly control soil water content in the 

unsaturated zone, thereby exerting a pronounced influence on WTD dynamics (Muñoz-Vega et al., 2025). The high 575 

sensitivity aligns with previous studies, in which both the ISBA land surface model and Hydrus-1D identified these 

parameters as primary drivers of soil water dynamics (Sobaga et al., 2023; Rezaei et al., 2016). Parameter 40-rsubmax is 

involved in subsurface runoff parameterization, which characterizes the exponential decay relationship between subsurface 

runoff and WTD. Existing studies have confirmed that this scheme influences the overall depth of WTD (Akhter et al., 2025). 
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Moreover, the critical role of parameter 40-rsubmax itself is also reflected by the distinct turning points observed in the 580 

parameter– 𝑅𝑀𝑆𝐸 scatter plots. Parameter 49-beta controls the root fraction within the soil profile, thereby influencing root 

distribution and, subsequently, the calculation of soil and root conductance, which determines the plant transpiration rate. 

Since root distribution is a key factor in groundwater contribution to the root zone, and this contribution occurs when WTD 

is no deeper than 3.9 to 4.1 m (Zhu et al., 2018), it follows that parameter 49-beta plays a crucial role in modulating WTD. 

Parameters 45-krmax and 46-ck0 are directly involved in computing the hydraulic conductance of plant segments (e.g. 585 

leaves, stems, and roots). Field studied have investigated how plants modify hydraulic conductance to maintain water status 

(Rickard et al., 2025). By modulating transpiration rates, these parameters indirectly regulate water redistribution within 

soil–vegetation systems and thus influence WTD (O'connor et al., 2019; Luo et al., 2016). Parameter 4-alpha_rain is an 

empirical coefficient representing the interception capacity of the canopy. It is used to estimate throughfall after subtracting 

canopy interception, thereby determining the net water input reaching the land surface. Rainfall interception loss has been 590 

recognized as a vegetation influence on groundwater recharge and consequently on WTD (Fan et al., 2014; Smerdon et al., 

2008). Parameter 10-rhol_nir is used in surface albedo calculations, affecting surface energy balance and snowmelt 

processes, which indirectly affects infiltration and groundwater recharge. Previous LSM-based studies have reported the 

direct impact of leaf optical properties on surface solar radiation partitioning (Dong et al., 2021) and the influence of canopy 

radiation on the dynamics of snowmelt dynamics (Todt et al., 2019). 595 

In summary, the sensitive parameters controlling WTD can be classified into four categories: (1) parameters governing 

unsaturated water movement (56-soil_alpha and 53-soil_n); (2) those affecting subsurface runoff process (40-rsubmax); (3) 

those regulating plant hydraulic processes (49-beta, 45-krmax, and 46-ck0); and (4) those determining net surface water 

input and infiltration (4-alpha_rain and 10-rhol_nir). 

4.2 Different roles of subsurface runoff and soil hydraulic parameters in controlling WTD dynamics 600 

Based on the preceding analysis, the subsurface runoff parameter 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 (40-rsubmax) exhibited two key characteristics: (1) 

a significant turning point in the parameter– 𝑅𝑀𝑆𝐸 scatter plot during the optimization process, indicating a well-defined 

optimal parameter range; and (2) the optimization of 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 alone significantly enhanced simulation accuracy and captured 

WTD dynamics more effectively. In the SIMTOP parameterization, subsurface runoff is jointly governed by 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 and the 

decay factor 𝑓𝑑𝑟𝑎𝑖. Although 𝑓𝑑𝑟𝑎𝑖 was initially screened as less sensitive, its synergetic interaction with 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 necessitates 605 

a more detailed investigation into their combined influence on WTD. 

Optimization results indicated that the optimal 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  is on the order of 10-4. Consequently, five representative values 

(3×10-4, 4×10-4, 5×10-4, 6×10-4, 7×10-4) were selected for sensitivity analysis. Within this range of 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 , where 

subsurface runoff intensity remains reasonable, the decay coefficient 𝑓𝑑𝑟𝑎𝑖 (default value 2.5) was further varied across five 

levels (1, 2, 3, 4, 5), resulting in 25 parameter combinations (Fig. 22). The results show that with a fixed 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥, 𝑓𝑑𝑟𝑎𝑖 610 

primarily dictates the mean level, amplitude, and intra-annual variability of the WTD. Lower 𝑓𝑑𝑟𝑎𝑖  values yield larger 
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seasonal amplitudes and generally deeper WTD. Conversely, increasing 𝑓𝑑𝑟𝑎𝑖 accelerated the decay of subsurface runoff, 

thereby dampening WTD fluctuations. In contrast, when 𝑓𝑑𝑟𝑎𝑖 was fixed, 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 serves as the primary control for the mean 

WTD. Higher 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  values result in a systematic deepening of the simulated WTD, accompanied by intensified 

fluctuations in some cases. 615 

 

Figure 22: Comparison of observed and simulated daily WTD dynamics across 25 parameter ensembles for the 2006–2014 water 

years. Each panel is labeled as ‘rXfY’, where X corresponds to 𝒓𝒔𝒖𝒃,𝒎𝒂𝒙 (3×10-4, 4×10-4, 5×10-4, 6×10-4, and 7×10-4) and Y 

corresponds to 𝒇𝒅𝒓𝒂𝒊 (1, 2, 3, 4, and 5).  

Regarding the multi-year average (Fig. 23), when 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 is fixed, the mean WTD decreases markedly (approaches the 620 

surface) as 𝑓𝑑𝑟𝑎𝑖 increases. This response is more sensitive at lower parameter values and weakens as 𝑓𝑑𝑟𝑎𝑖 increases further. 
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Conversely, when 𝑓𝑑𝑟𝑎𝑖 is fixed, increasing 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 leads to a deeper WTD due to enhanced groundwater discharge (Fig. 24). 

Compared with 𝑓𝑑𝑟𝑎𝑖 , the response of WTD to variations in 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  is relatively moderate within the tested ranges. 

Specifically, variations in 𝑓𝑑𝑟𝑎𝑖  lead to WTD changes exceeding 2 m, while  𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  accounted for changes of 

approximately 1 m. This suggests that once 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 establishes a reasonable runoff baseline, 𝑓𝑑𝑟𝑎𝑖 can further regulate both 625 

the mean level and dynamic amplitude of WTD. 

 

Figure 23: Sensitivity of multi-year mean WTD to the decay factor 𝒇𝒅𝒓𝒂𝒊 under various constant 𝒓𝒔𝒖𝒃,𝒎𝒂𝒙 values. The legend labels 

3, 4, 5, 6, and 7 correspond to 𝒓𝒔𝒖𝒃,𝒎𝒂𝒙values of 3×10-4, 4×10-4, 5×10-4, 6×10-4, and 7×10-4, respectively. 

 630 

Figure 24: Sensitivity of multi-year mean WTD to 𝒓𝒔𝒖𝒃,𝒎𝒂𝒙 under various constant 𝒇𝒅𝒓𝒂𝒊 values. The horizontal axis labels 3, 4, 5, 6, 

and 7 correspond to 𝒓𝒔𝒖𝒃,𝒎𝒂𝒙values of 3×10-4, 4×10-4, 5×10-4, 6×10-4, and 7×10-4, respectively. 
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According to the SIMTOP subsurface runoff parameterization (Niu et al., 2005), 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 and  𝑓𝑑𝑟𝑎𝑖 control the intensity and 

decay rate of subsurface runoff, respectively. This theoretical structure explains our result that 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 facilitates systematic 

deepening of the WTD when increased, while  𝑓𝑑𝑟𝑎𝑖  dictates the system’s response. Consequently, 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  and  𝑓𝑑𝑟𝑎𝑖 635 

primarily regulate the mean level and response characteristics of WTD. When 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 is small, subsurface runoff discharge 

is reduced, leading to an overall shallower WTD. In contrast, larger values of 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 result in a systematic deepening of the 

WTD. When 𝑓𝑑𝑟𝑎𝑖 is small, subsurface runoff decreases more slowly with increasing WTD, allowing groundwater discharge 

to remain relatively strong, which enables the pronounced intra-annual variability in WTD. Conversely, when  𝑓𝑑𝑟𝑎𝑖 is large, 

subsurface runoff declines rapidly as WTD increases, creating a “buffering effect” that smooths WTD fluctuations and 640 

substantially reduces the intra-annual fluctuation range. 

Compared with the distinctive behaviour of subsurface runoff parameters, the van Genuchten parameter 𝛼 was identified as 

the most sensitive variable overall. This is consistent with previous literature, which has shown that 𝛼 exerts a significant 

influence on evapotranspiration and vertical soil water transport, thereby affecting WTD (Maina and Siirila-Woodburn, 

2020). As shown in Fig. 25, when other parameters are held at their default values, varying α across several orders of 645 

magnitude reshapes both the mean state and the transient response of the WTD. Specifically, smaller 𝛼 values correspond to 

deeper WTD and more pronounced fluctuations, whereas increasing 𝛼 leads to shallower WTD, a more lagged groundwater 

response, and smoother variations. 

Regarding the relationship between α and WTD, 𝛼 is a scale parameter inversely related to the mean pore size (Maina and 

Siirila-Woodburn, 2020). Thus, lower 𝛼  values indicate a greater capacity of the medium to retain water, resulting in 650 

relatively higher evapotranspiration and a deeper WTD, particularly in forested regions with high potential 

evapotranspiration. In addition, as the WTD deepens, the importance of 𝛼  increases. This is because, with a thicker 

unsaturated zone, ET is primarily controlled by soil moisture and atmospheric conditions, making it more sensitive to soil 

hydraulic parameters in the unsaturated zone. As for the relationship between 𝛼 and WTD variability, 𝛼 is also the inverse of 

the air-entry value (Peters and Durner, 2006). A smaller 𝛼 implies a higher air-entry value, allowing water to more easily fill 655 

pore spaces and increasing hydraulic conductivity, which accelerates downward water movement and leads to stronger WTD 

fluctuations (Corona and Ge, 2022). Conversely, larger 𝛼 values imply smaller air-entry values, meaning that water has more 

difficulty entering pore spaces relative to air, thereby reducing unsaturated hydraulic conductivity. Lower conductivity 

results in slower and more delayed downward flow toward the water table. Over time, this attenuated percolation leads to a 

slightly lagged groundwater response and smoother WTD variations. 660 
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Figure 25: Sensitivity of simulated WTD to the van Genuchten parameter 𝜶 with all other parameters held at their default values. 

The legend labels in the format ‘alpha_X_Y’ denote 𝜶 values of X×10-Y (specifically: 1×10-3, 5×10-3, 1×10-2, 5×10-2, 1×10-1). 

Comparing the effects of different parameters on WTD, changes in subsurface runoff parameters 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥  and 𝑓𝑑𝑟𝑎𝑖  can 

substantially alter the depth of WTD, bringing it closer to observations. In contrast, 𝛼 plays a more prominent role in shaping 665 

the fluctuation and lag characteristics of WTD. This suggests a practical calibration strategy in which subsurface runoff 

parameters are first adjusted to maintain WTD at a reasonable depth, followed by fine-tuning of other sensitive parameters to 

improve the temporal dynamics and variability of WTD. 

5 Conclusions 

In this study, a CoLM-PSUADE coupling framework was developed to integrate parameter sensitivity diagnosis, 670 

dimensionality reduction, and parameter optimization within a unified workflow for groundwater-related modeling. The 

effectiveness of this framework was demonstrated using in-situ WTD observations. Rather than treating all 56 parameters 

equally, the framework enabled a structured reduction of parameter space through sequential qualitative screening and 

quantitative validation. This process resulted in the identification of a small subset of robustly sensitive parameters that 

govern key hydrological processes controlling WTD dynamics. 675 

Three qualitative sensitivity analysis methods (MOAT, MARS, and SOT), combined with multiple performance metrics 

(𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸, and 𝑅²), consistently identified eight stable sensitive parameters (56-soil_alpha, 45-krmax, 4-alpha_rain, 53-

soil_n, 49-beta, 10-rhol_nir, 46-ck0, and 40-rsubmax) governing soil water movement, subsurface runoff, plant hydraulics, 

and surface infiltration processes. Subsequent RSMSobol-based quantitative analysis further confirmed the robustness of this 

reduced parameter set and indicated that a core group of parameters (56-soil_alpha, 53-soil_n, 49-beta, 45-krmax, 40-680 

rsubmax, and 4-alpha_rain) exerts dominant control on model behavior across different sampling configurations. Building on 
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the reduced-dimensional space defined by the eight identified sensitive parameters, parameter optimization using SCE, PSO, 

and BOBYQA demonstrated that targeted calibration can substantially improve WTD simulation performance, with SCE 

providing the most stable and effective convergence. 

Among identified sensitive parameters, the subsurface runoff parameter 𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 was unique in exhibiting a clear inflection 685 

point in the parameter-𝑅𝑀𝑆𝐸 relationship, and the soil hydraulic parameter 𝛼 was identified as the most sensitive parameter. 

From a mechanistic perspective, subsurface runoff parameters (𝑟𝑠𝑢𝑏,𝑚𝑎𝑥 and 𝑓𝑑𝑟𝑎𝑖) primarily control the mean state of WTD 

by regulating runoff generation and decay, while the soil hydraulic parameter α governs soil water retention and vertical 

transport processes, thereby controlling variability and temporal response. Based on these results, a stepwise calibration 

strategy is recommended, prioritizing subsurface runoff parameters to constrain mean WTD, followed by other sensitive 690 

parameters to improve temporal dynamics.  

It should be noted that although the GGF site selected in this study is representative for studying interactions between WTD 

dynamics and key hydrological processes such as runoff, infiltration, evaporation, and freeze-thaw, several limitations 

remain. Single-point simulations cannot fully capture the spatial heterogeneity of parameter sensitivities under different 

climate conditions and land-surface characteristics. Moreover, considering WTD as a single target variable may lead to 695 

parameter equivalence. This issue is exacerbated by the limited availability of observational data, resulting in insufficiently 

constrained parameter uncertainty. However, the research framework in this study is transferable and can be extended to 

other sites. Future work should incorporate multi-site and multi-variable constraints to better characterize parameter 

sensitivities and reduce uncertainty. 

Appendix A: Principles and formulations of sensitivity analysis methods 700 

A.1 MOAT method 

MOAT is a gradient-based sensitivity analysis method. The sensitivity of model performance to an input parameter is 

quantified by elementary effects, which approximate local partial derivatives with respect to the parameter (Guerrero et al., 

2017). The modified mean and standard deviation of these elementary effects represent overall effects and interaction effects 

of input parameters, respectively. Larger values of the modified mean indicate stronger parameter sensitivity, while larger 705 

values of the standard deviation suggest more significant interactions with other input parameters (Li et al., 2013). Because 

MOAT makes no assumptions about the relationships between model parameters and model performance, it is considered a 

robust screening method (Guerrero et al., 2017). The main equations are given as follows (Gan et al., 2014). 

First, the range of each input parameter is normalized to [0,1]. Each parameter may take on values from:  

𝑋 = {0,
1

𝑝−1
, … , 1},           (A1) 710 
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where 𝑋 is the set of discretized levels of the input parameter, 𝑝 is the number of levels into which the parameter space is 

divided. 

For each input parameter, the elementary effect is calculated as an approximation of the first-order derivative. This metric 

quantifies the variation in model output caused by a change in a single parameter while all other input parameters are fixed: 

𝐸𝐸𝑖 =
𝑓(𝑥1,…,𝑥𝑖+∆,…,𝑥𝑘)−𝑓(𝑥1,…,𝑥𝑖,…,𝑥𝑘)

∆
,          (A2) 715 

where 𝐸𝐸𝑖 is the elementary effect of the 𝑖-th parameter, ∆ is a predetermined multiple of 
1

𝑝−1
, 𝑥 is the parameter, and 𝑘 is 

the number of parameters. 

To ensure statistical robustness, each input parameter is sampled r times, which is equals to r different paths. Elementary 

effects EEi are calculated for each xi along each path, from which the sensitivity indices are derived as follows:  

𝜇𝑖
∗ =

1

𝑟
∑ |𝐸𝐸𝑖

(𝑗)
|𝑟

𝑗=1 ,                        (A3) 720 

𝜎𝑖
∗ = √ 1

𝑟−1
∑ (|𝐸𝐸𝑖

(𝑗)
| − 𝜇𝑖

∗)
2

𝑟
𝑗=1 ,                                                                       (A4) 

where 𝜇𝑖
∗  is modified mean of 𝐸𝐸𝑖 , and 𝜎𝑖

∗  is modified standard deviation. The 𝑟-1 is used for 𝜎𝑖
∗ , consistent with the 

implementation. 

A.2 MARS method 

MARS is a regression model that extends linear modeling by automatically incorporating piecewise linear basis functions to 725 

capture nonlinearities and variable interactions in high-dimensional data. The relative importance of input parameters is 

evaluated by re-assessing model performance after removing each parameter from the regression function (Guerrero et al., 

2017). A larger reduction in the model performance indicates a higher importance of the corresponding parameter. However, 

this approach is less robust because it assumes a fixed functional relationship between model performance and input 

parameters (Guerrero et al., 2017). The regression function is composed of a series of basic functions and can be expressed 730 

as follows (Gan et al., 2014): 

𝑌 = 𝑎0 + ∑ 𝑎𝑚 ∏ [𝑠𝑘𝑚(𝑥𝑣(𝑘,𝑚) − 𝑡𝑘𝑚)]
+

𝐾𝑚
𝑘=1

𝑀
𝑚=1  ,            (A5) 

where 𝑎0 is a constant term, 𝑎𝑚 denotes the fitting coefficient of the 𝑚-th basis function, 𝑀 is the total number of basic 

functions, 𝐾𝑚 is the number of knots, 𝑠𝑘𝑚 takes values of 1 or -1 and represents the right or left sense of step function, 

𝑣(𝑘, 𝑚) is the label of independent value, and 𝑡𝑘𝑚 is the knot location. 735 

MARS first constructs an overfitted model by subsequently adding all input parameters. The model is then modified by 

removing one parameter at a time to generate a series of modified models. Both the overfitted and the modified models are 

used to calculate the generalized cross validation (𝐺𝐶𝑉) index:  
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𝐺𝐶𝑉(𝑀) =
1

𝑁

∑ (𝑌𝑘−𝑌𝑘̂)2𝑁
𝑘=1

[1−
𝐶(𝑀)

𝑁
]
2 ,                                                   (A6) 

𝐶(𝑀) = 1 + 𝑐(𝑀)𝑑,                                                   (A7) 740 

where 𝑀 is the model, 𝑁 is the number of observations, 𝑌𝑘 is the 𝑘-th observation, 𝑌𝑘̂ is the estimated value of 𝑌𝑘, 𝐶(𝑀) is 

the number of effective parameters, 𝑑 is the effective degrees of freedom, and 𝑐(𝑀) is a penalty term associated with adding 

a basis function. 

The increase in the 𝐺𝐶𝑉 value between the modified and the overfitted model is considered as the importance index for the 

removed parameter. A larger increase in 𝐺𝐶𝑉 suggests a higher importance of that parameter. Accordingly, the sensitivity 745 

score of the i-th parameter is defined as:  

𝑠𝑐𝑜𝑟𝑒(𝑖) =
∆𝑔(𝑖)

𝑚𝑎𝑥{∆𝑔(1),∆𝑔(2),…,∆𝑔(𝑛)}
× 100,                      (A8) 

where ∆𝑔(𝑖) indicates the increase in the 𝐺𝐶𝑉 value resulting from the removal of the 𝑖-th parameter.   

A.3 SOT method 

The SOT method is a tree-based method. It represents model performance as the sum of multiple binary decision trees 750 

constructed from model parameters. However, it is less robust, as this approach hinges on the assumption that the 

relationship between input parameters and model performance can be captured by such a tree structure (Guerrero et al., 

2017). Each parameter splits the parameter space into two regions with distinct responses. Overall model performance is 

then obtained by aggregating the simulated results across all partitioned regions. The relative importance of a parameter is 

measured by the total number of splits associated with that parameter, with parameters appearing in more splits regarded as 755 

more important (Li et al., 2013).  

The structure of a single tree consists of decision nodes and terminal nodes (Chipman et al., 2010). Each decision node 

partitions the input parameter space 𝑋 = {𝑥1, … , 𝑥𝑝} according to a splitting rule. Through a sequence of decisions from the 

root node to a leaf node, each input parameter is assigned to a terminal node associated with a prediction value 𝜇𝑖 ∈ 𝑀 =

{𝜇1, 𝜇2, … , 𝜇𝑏}. The SOT method is then defined as:  760 

𝑌 = ∑ 𝑔(𝑋; 𝑇𝑗 , 𝑀𝑗) + 𝜀𝑚
𝑗=1 ,          (A9) 

where 𝑇𝑗 is the j-th binary decision tree, 𝑀𝑗 is the set of terminal node parameters, 𝑔(𝑋; 𝑇𝑗 , 𝑀𝑗) is the function which assigns 

𝜇𝑖 to 𝑋, 𝑚 is the total number of trees, 𝜀 is a random noise term with 𝜀~𝒩(0, 𝜎2). 

In the above splitting procedure, the residual sum of squares (RSS) is used as the splitting criterion. The parameter that 

produces the largest reduction in RSS is selected to split the node until each terminal node includes minimum number of data 765 

points (Gan et al., 2014). Subsequently, the total number of splits associated with each parameter is considered as a score 
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metric (Gan et al., 2014). A larger number of splits indicates higher sensitivity of the corresponding input parameter. The 

score of the i-th input parameter is defined as: 

 𝑠𝑐𝑜𝑟𝑒(𝑖) =
𝑝(𝑖)

𝑚𝑎𝑥{𝑝(1),𝑝(2),…,𝑝(𝑛)}
× 100,         (A10) 

where 𝑝(𝑖) denotes the number of splits associated with the 𝑖-th input parameter. 770 

A.4 Sobol method 

The Sobol method is a variance-based method. It quantifies parameter sensitivity by decomposing the total variance into 

contributions from individual input parameters and their interactions (Li et al., 2013). This method assumes that the model 

output can be decomposed into terms of increasing dimensionality:  

 𝑓(𝑋) = 𝑓0 + ∑ 𝑓𝑖(𝑥𝑖)
𝑛
𝑖=1 + ∑ 𝑓𝑖𝑗(𝑥𝑖 , 𝑥𝑗) 1≤𝑖<𝑗≤𝑛 +∙∙∙ +𝑓1,2,∙∙∙,𝑛(𝑥1, 𝑥2,∙∙∙, 𝑥𝑛),     (A11) 775 

where 𝑌 = 𝑓(𝑋) = 𝑓(𝑥1, 𝑥2, … , 𝑥𝑛) is the model output, 𝑥𝑖 ∈[0,1], and 𝑓0 is the constant term. 

Accordingly, the total variance of the model output can be decomposed as： 

𝑉 = ∑ 𝑉𝑖
𝑛
𝑖=1 + ∑ 𝑉𝑖𝑗  1≤𝑖<𝑗≤𝑛 +∙∙∙ +𝑉1,2,∙∙∙,𝑛,                                                               (A12) 

where 𝑉 is the total variance, 𝑉𝑖  denotes the main effect variance associated with 𝑥𝑖 , 𝑉𝑖𝑗  denotes the interaction variance 

between 𝑥𝑖 and 𝑥𝑗, and 𝑉1,2,∙∙∙,𝑛 is the variance due to interactions among all input factors. 780 

By dividing each variance component by total variance 𝑉, the normalized Sobol sensitivity indices are quantified as:  

∑ 𝑆𝑖
𝑛
𝑖=1 + ∑ 𝑆𝑖𝑗  1≤𝑖<𝑗≤𝑛 +∙∙∙ +𝑆1,2,∙∙∙,𝑛 = 1,                                                               (A13) 

where 𝑆𝑖 = 𝑉𝑖/𝑉 is the first-order Sobol sensitivity index of 𝑥𝑖 and represents its main effect. 𝑆𝑖𝑗 = 𝑉𝑖𝑗/𝑉 is the second-order 

Sobol index, accounting for the interaction effect between 𝑥𝑖 and 𝑥𝑗. 

The total effect sensitivity index of parameter 𝑥𝑖 is defined as: 785 

𝑆𝑇𝑖
= ∑ 𝑆(𝑖),                                                                                                          (A14) 

where S(i) is the sensitivity of xi, (i) denotes all subsets of indices containing i. 

To facilitate comparison of the results across different experiments, the concepts of relative importance and cumulative 

importance were introduced. The relative importance of the 𝑖-th parameter in parameter set 𝐴 is defined as: 

 790 

𝐶(𝑖) =
𝑆𝑇𝑖

∑ 𝑆𝑇𝑘
𝑛
𝑘=1

,                                                                                                          (A15) 
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where 𝐶(𝑖) denotes the relative importance of parameter 𝑖 within set 𝐴; 𝑛 is the total number of parameters in set 𝐴; and 𝑆𝑇𝑖
 

represents the Sobol' total-order index of parameter 𝑖. The cumulative importance of a parameter set is then defined as the 

sum of the relative importance values. 

A.5 Min-max Normalization 795 

To enable a consistent comparison of parameter screening results across different qualitative sensitivity analysis methods, 

the sensitivity metrics derived from the MOAT, MARS, and SOT methods are scaled using min-max normalization. The 

original sensitivity metrics are linearly mapped into the range [0, 1] using the following function:  

𝑋∗ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 ,            (A16) 

where 𝑋∗ is the normalized sensitivity index, 𝑋 is the original sensitivity metric, and 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 represent the minimum 800 

and maximum values of the metrics within each method, respectively. 

A.6 Response surface validation metrics 

After loading the parameter inputs and objective function outputs into PSUADE, the quality of the response surface trained 

on these samples can be evaluated. A comprehensive assessment is performed based on cross-validation errors and the 

goodness of fit. Assuming the true output (i.e. the corresponding PSUADE output metric) is y and the predicted output from 805 

the response surface is ŷ, the evaluation metrics are defined as follows: 

𝑒𝑟𝑟𝑎𝑣𝑔𝑠 =
1

𝑛
∑

𝑦̂𝑖−𝑦𝑖

|𝑦𝑖|
𝑛
𝑖=1 ,           (A17) 

𝑒𝑟𝑟𝑟𝑚𝑠𝑠 = √
1

𝑛
∑ (

|𝑦̂𝑖−𝑦𝑖|

|𝑦𝑖|
)

2
𝑛
𝑖=1 ,                       (A18) 

𝑒𝑟𝑟𝑚𝑎𝑥𝑠 = max
1≤𝑖≤𝑛

(
|𝑦̂𝑖−𝑦𝑖|

|𝑦𝑖|
),           (A19) 

𝑒𝑟𝑟𝑚𝑎𝑥𝑠,𝑏𝑎𝑠𝑒 = |𝑦𝑖∗|, 𝑖∗ = argmax(𝑦̂𝑖 − 𝑦𝑖)
1≤𝑖≤𝑛

,         (A20) 810 

𝑒𝑟𝑟𝑚𝑎𝑥𝑠2 = max
1≤𝑖≤𝑛

(
|𝑦̂𝑖−𝑦𝑖|

𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛
),                       (A21) 

𝑅𝑟𝑠𝑚
2 = 1 −

∑ (𝑦̂𝑖−𝑦𝑖)2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦𝑖̅̅̅)2𝑛
𝑖=1

,                                      (A22) 

where 𝑛 is the total number of samples, 𝑦𝑖 and 𝑦̂𝑖 are the true and predicted values of the 𝑖-th sample, 𝑒𝑟𝑟𝑎𝑣𝑔𝑠 is the scaled 

mean error, 𝑒𝑟𝑟𝑟𝑚𝑠𝑠 is the scaled root mean square error, 𝑒𝑟𝑟𝑚𝑎𝑥𝑠 is the scaled maximum error, 𝑒𝑟𝑟𝑚𝑎𝑥𝑠,𝑏𝑎𝑠𝑒 is the absolute 

true value of the sample corresponding to the scaled maximum error, 𝑒𝑟𝑟𝑚𝑎𝑥𝑠2 is the maximum scaled error based on the 815 

output range, and 𝑅𝑟𝑠𝑚
2  is the coefficient of determination, indicating the goodness of fit of the response surface in 

approximating the original input-output relationship. 
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For cross-validation, the number of groups 𝐾 is set to 20 (as recommended by the PSUADE manual). The training set for the 

𝑥-th group consists of samples outside the interval [𝑥 ∙
𝑛

𝐾
, (𝑥 + 1) ∙

𝑛

𝐾
], while the validation set comprises the samples within 

this interval. The final error metrics are not simple averages of the individual groups. Instead, the overall evaluation metrics 820 

are calculated as follows: 

𝐸𝑟𝑟𝑎𝑣𝑔𝑠 =
1

𝑁
∑ ∑ (

𝑦̂𝑖−𝑦𝑖

|𝑦𝑖|
)𝑖∈𝐺𝑗

𝐾
𝑗=1 ,                        (A23) 

𝐸𝑟𝑟𝑟𝑚𝑠𝑠 = √
1

𝑁
∑ ∑ (

|𝑦̂𝑖−𝑦𝑖|

|𝑦𝑖|
)𝑖∈𝐺𝑗

2
𝐾
𝑗=1 ,         (A24) 

𝐸𝑟𝑟𝑚𝑎𝑥𝑠 = max
1≤𝑗≤𝐾

(𝑒𝑟𝑟𝑚𝑎𝑥𝑠,𝑗),                       (A25) 

𝐸𝑟𝑟𝑚𝑎𝑥𝑠𝑏 = max
1≤𝑗≤𝐾

(𝑒𝑟𝑟𝑚𝑎𝑥𝑠,𝑏𝑎𝑠𝑒,𝑗),                       (A26) 825 

𝐸𝑟𝑟𝑚𝑎𝑥𝑠2 = max
1≤𝑗≤𝐾

(𝑒𝑟𝑟𝑚𝑎𝑥𝑠2),                       (A27)  

where 𝑁 is the total number of samples, 𝐾 is the number of groups, and 𝐺𝑗 represents the set of samples in the 𝑗-th group. 

If 𝐸𝑟𝑟𝑟𝑚𝑠𝑠  deviates significantly from 0, it indicates the presence of systematic bias. If 𝐸𝑟𝑟𝑚𝑎𝑥𝑠  is greater than 1 and 

𝐸𝑟𝑟𝑚𝑎𝑥𝑠𝑏 is non-negative, it suggests a relatively significant fitting error. However, if this error value is large while the 

variation range of 𝑦𝑖 is also substantial, further analysis in conjunction with the magnitude of 𝐸𝑟𝑟𝑚𝑎𝑥𝑠2 is required. In such 830 

cases, a smaller 𝐸𝑟𝑟𝑚𝑎𝑥𝑠2 is considered acceptable. Theoretically, the predicted and actual values in cross-validation should 

align along the 1:1 diagonal line, and the overall fitting performance can be judged by combining this visual assessment with 

the 𝑅𝑟𝑠𝑚
2 . 

Appendix B: Principles of parameter optimization methods 

B.1 SCE method 835 

The SCE method is a global optimization algorithm developed by Duan et al. 1992 (Duan et al., 1994; Duan et al., 1992; 

Duan et al., 1993), which is widely utilized for calibrating large-scale watershed models. This method integrates the 

advantages of competitive biological evolution, deterministic search, and random search, thereby reducing parameter 

uncertainty and accelerating the search for the global optimum. Its core idea involves complex shuffling and the systematic 

evolution of a ‘complex’ of points spanning the parameter space. During the shuffling step, the initial population is randomly 840 

partitioned into several complexes. Within each complex, points are evolved through competitive mechanisms to generate 

new populations. This process enhances diversity in the search space and prevents the algorithm from being trapped in local 

optima. The evolution step employs selection, crossover, and mutation operations iteratively to update the points in each 

complex until a solution satisfying the stopping criterion is achieved. 
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B.2 PSO method 845 

The PSO method is a global optimization algorithm developed by Kennedy and Eberhart (Kennedy and Eberhart, 1995). As 

a heuristic optimization technique rooted in collective intelligence, it is inspired by the social foraging behaviour of bird 

flocks. Compared to adaptive random search algorithms, PSO utilizes a set of potential solutions, commonly known as a 

population, to achieve global or near-global optima through mechanisms of collaboration and competition (Gill et al., 2006). 

Within this framework, each potential solution is abstracted as a particle moving through the search space. The position of 850 

particle represents a candidate solution, while its velocity determines the search direction and rate. To balance global search 

and local optimization, particles iteratively adjust their velocity and position guided by both their individual historical optima 

and the collective historical optima.  

B.3 BOBYQA method 

The BOBYQA method is a derivative-free algorithm developed by Powell solving bound-constrained optimization problems 855 

(Powell, 2009). The core principle of this algorithm is to construct a quadratic model that approximates the objective 

function near the current search point. Rather than seeking the global optimum directly, BOBYQA explores a trust region, 

defined as a neighbourhood focused on the current point with a predefined radius, to determine a descent step based on the 

local quadratic model. When generating candidate points, BOBYQA ensures that both the search direction and step length 

do not violate the parameter boundaries. If a predicted optimum lies outside these limits, the algorithm projects it back onto 860 

the feasible domain. As a derivative-free method, BOBYQA functions as a ‘black-box’ optimizer and does not require 

gradient information from the objective function. 

Code and data availability 

PSUADE version 3.0.0 (released in 2024) was used, which is publicly available at: https://github.com/LLNL/psuade. The 

source code of CoLM2024 is publicly available at: https://github.com/CoLM-SYSU/CoLM202X. In this study, we used a 865 

pre-release version downloaded on 13 November 2024. The code and data of CoLM-PSUADE in this study is publicly 

available at: https://doi.org/10.5281/zenodo.19641291 (Wu et al., 2026). 

The meteorological variables from the TPMFD can be freely accessed from National Tibetan Plateau/Third Pole 

Environment Data Center (http://data.tpdc.ac.cn; Yang et al., 2023). The soil characteristics datasets (GSDE) can be freely 

accessed from http://globalchange.bnu.edu.cn/research/data/ (Shangguan et al., 2014b). WTD and soil structure dataset (Zhu 870 

et al., 2017b; Yang et al., 2020) is provided by National Ecosystem Science Data Center, National Science & Technology 

Infrastructure of China (http://www.nesdc.org.cn). The DEM data (Su, 2025) and the boundary data of the Yangtze river 

basin (Zhang, 2019; Zhang et al., 2013) are provided by National Tibetan Plateau/Third Pole Environment Data Center 

(http://data.tpdc.ac.cn). The long-term sampling information for the GGF site is available at: https://ggf.cern.ac.cn/. 
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