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Abstract 

Hydrological models often face challenges in accurately simulating hydrological processes within dynamic catchments due to 

simplifications of model structure. In a dynamic catchment where hydrological processes exhibit significant intra-annual or inter-

annual variability, accurately capturing dynamic behaviours across different flow regimes is still challenging for models. To 

address these challenges, this study investigates calibration issues in dynamic catchments with a focus on two key aspects: the 20 

influence of objective function design on flow-phase-specific performance, and the limitations of sub-period calibration with 

dynamic parameters. Seven calibration experiments were designed to explore issues related to time-invariant parameters, objective 

function configurations, parameter correlations, dimensionality in global optimization, and abrupt parameter shifts. The 

experiments were conducted using the MOPEX dataset, which includes 219 basins across the United States, and were evaluated 

based on performance metrics, as well as state variables and fluxes. Among all calibration schemes, sub-period calibration with 25 

dynamic parameters exhibited the most reliable performance. Static parameter approaches often averaged catchment responses and 

poorly represented extreme flows, whereas enabling temporal variability to only a subset of parameters yielded limited 

improvement. In contrast, multi-parameter dynamic schemes significantly improved NSE and LNSE values and enhanced 

parameter transferability across flow phases, where the high-dimensional calibration strategy balanced dynamic adaptability with 

physical consistency, while the parallel calibration maintained accuracy through gradual parameter transitions despite higher 30 

variability in some catchments. This study demonstrates that sub-period calibration with dynamic catchment characteristics 

outperforms traditional static parameters by effectively capturing flow-regime variability and sustaining robust performance under 

changing catchment conditions, offering a generalizable solution for simulating hydrological processes in dynamic catchments. 

1 Introduction 

Hydrological models serve as essential tools in water management, supporting tasks such as runoff projection, disaster warning, 35 

and water-resource planning (Shao et al., 2023; Shrestha et al., 2021; Razavi et al., 2025). These models conceptualize hydrological 

processes with physically based parameters and state variables, enabling transparent simulations and process-informed diagnostic 

analysis of the catchment. However, limited understanding of the mechanisms underlying seasonal climate patterns, vegetation 

dynamics, and water storage variability has led existing model structures to rely on simplified representations of hydrological 

processes and steady-state assumptions (i.e., time-invariant parameters). Such assumptions only partially capture the dynamic 40 

catchment characteristics (Pathiraja et al., 2016; Deng et al., 2016; Wang et al., 2022b; Wen et al., 2021). A dynamic catchment is 

defined as one in which hydrological processes exhibit significant intra-annual or inter-annual variability, making their simulation 

particularly challenging. Dynamic catchment characteristics denote the time-varying states of a catchment that describe the 

temporal evolution of hydrological processes, such as precipitation seasonality and changes in vegetation cover under significant 

human disturbances. As a result, models tend to capture only the “average” behaviour of catchments, often at the cost of reduced 45 

accuracy in high- or low-flow phases (Longyang and Zeng, 2023; Yoshida et al., 2022). Understanding, modelling, and predicting 

dynamic hydrological processes with greater realism remain significant challenges in hydrological sciences (Bouaziz et al., 2022). 

A key challenge in modelling catchments with dynamic variability lies in how to adapt the model to accurately reflect time-varying 

hydrological responses. Calibration aims to adjust model parameters using local observations, thereby tailoring a general model 

structure to the hydrological responses of a specific catchment. This process typically involves the definition of objective functions 50 

and the systematic exploration of parameter space. The mathematical form of the objective function determines which aspects of 

model performance are emphasized, such as the accuracy of peak flows or the representation of overall water balance (Gupta et 
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al., 2009; Fauer et al., 2021). In catchments with strong dynamics, however, the calibrated parameter sets may reflect not only the 

actual catchment behaviour but also implicit structural limitations and assumptions about boundary conditions. Consequently, the 

calibrated parameters often reflect trade-offs shaped by the objective function and model structure, leading to an averaged 55 

performance across flow phases (such as extreme high flow, high flow, middle flow, low flow, and extreme low flow). 

One common strategy to improve model performance under structural limitations is to refine the configuration of the objective 

function to better emphasize key hydrological processes. Traditional calibration of hydrological models typically employs global 

evaluation metrics and time-constant parameters, focusing on the model's overall performance. However, this approach might 

average hydrological responses and fail to ensure accurate simulations across various flow phases and observational periods. In 60 

critical runoff events like floods and droughts, this static approach may fail to capture the dynamic catchment characteristic of 

hydrological processes, underscoring the need for more flexible calibration methods (Martel et al., 2025; Clark et al., 2021). Hence, 

various calibration techniques have been developed to incorporate dynamic catchment characteristics. One method involves 

revising the objective function based on selected evaluation criteria to improve model performance (Araya et al., 2023; Ji et al., 

2023). Calibrations using multi-objective optimization algorithms better highlight different flow phases, but face potential 65 

challenges such as increased computational complexity, sensitivity to parameter settings, and slower convergence with more 

objective functions (Song et al., 2023; Carletti et al., 2022). Alternative approaches, like multi-weighted objective functions, can 

improve the simulation accuracy of specific time and flow phases. While these methods enhanced different flow phases and water 

balance, they may not effectively address structural deficiencies and cannot fundamentally enhance the model's overall 

performance (Lin et al., 2024; Fowler et al., 2018; Anderson and Radić, 2022). 70 

Another strategy involves the use of dynamic parameters in hydrological models. A dynamic parameter is defined as a model 

parameter that varies across sub-periods rather than remaining fixed over the entire simulation period. Sub-periods are segments 

of the simulation period characterized by relatively homogeneous hydrological conditions, which are typically identified through 

clustering of the time series. The implementation of dynamic parameters addresses structural limitations of models and improves 

predictive performance across the full range of hydrological processes, rather than being restricted to specific flow regimes or 75 

periods (Zhang and Liu, 2021; Krapu and Borsuk, 2022). Recent studies have significantly advanced hydrological simulations by 

integrating the dynamic catchment characteristics. Clustering based on catchment characteristics, such as precipitation, 

evapotranspiration, and soil moisture, facilitates the clustering of dynamic hydrological processes into distinct sub-periods (Acuña 

Espinoza et al., 2024; Lakshmi and Sudheer, 2021). Wei et al. (2021) further broadened this perspective by highlighting the 

hydrological processes that arise from the interplay of various factors, including meteorological conditions, surface characteristics, 80 

and anthropogenic interference. This interaction among water balance components, such as soil, vegetation, and topography, 

exhibits temporal variability, which ideally should be captured by process-driven hydrologic simulation models. These changes 

need to be taken into account through model parameters (Wi and Steinschneider, 2022; Reichert et al., 2021). Zhang and Liu (2021) 

suggested that temporal variations in parameters reflect the evolving environment. However, some fundamental problems still need 

to be addressed before applying the dynamic parameters. Sub-period calibration with dynamic parameters involves the hydrological 85 

model structure, global optimization, physical mechanisms of dynamic catchment characteristics, as well as complex relationships 

between the parameters, state variables, and fluxes. 

To address the model deficiencies and improve simulation across all flow regimes, it is imperative to re-examine the time-varying 

information in historical hydrological and meteorological data, extract dynamic catchment characteristics, and address the variation 

in calibration. This study investigates calibration challenges in dynamic catchments and proposes a structured framework to address 90 
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two major issues: the influence of objective function design on flow-phase-specific performance, and the limitations of sub-period 

calibration with dynamic parameters. Seven experiments are developed to systematically evaluate these aspects. Experiments 1–3 

focus on the effects of time-invariant parameters and various objective function configurations. Experiments 4–7 explore issues in 

dynamic parameter calibration, such as parameter correlation, dimensionality, and state transitions. Model performance is assessed 

through multiple metrics and internal diagnostics across 219 MOPEX catchments. 95 

2 Study area 

The Model Parameter Estimation Experiment (MOPEX) is an international project aimed at developing enhanced techniques for 

a priori estimation of parameters in hydrologic models and land surface parameterization schemes of weather and climate models 

(Duan et al., 2006). A comprehensive MOPEX database has been developed that contains historical hydrometeorological data and 

land-surface characteristics data for numerous hydrological catchments in the United States (US) and other countries. This study 100 

utilizes the dataset from 219 catchments spatially distributed across the contiguous US (Fig. 1a). Rigorous screening criteria were 

applied to ensure the acquisition of high-quality data. The screening process involved three key considerations: (1) no missing or 

non-physical data throughout the study period; (2) minimal interference from anthropogenic influences in both temporal and spatial 

dimensions; and (3) a large spatial distribution scale of the selected catchments, including diverse meteorological and underlying 

surface conditions. The dataset for selected catchments includes the hydrometeorological forcing data, land-surface data, and 105 

streamflow data, covering the period from 1983 to 2000. Hydrometeorological data includes daily precipitation data (P), 

temperature data (T), and streamflow (Q) provided by the MOPEX dataset, as well as potential evaporation data (PE) calculated 

by the Hamon model (Mccabe et al., 2015). The Normalized Difference Vegetation Index (NDVI) was used as one of the land-

surface indicators to represent the vegetation coverage of the catchments, which had a spatial resolution of 8 km and a temporal 

resolution of half-monthly intervals (Tucker et al., 2010). Based on these criteria, a total of 219 catchments were selected (Fig. 1a), 110 

spanning a wide range of hydrological and meteorological characteristics, making them ideal for testing various model structures 

under diverse conditions (Duan et al., 2006). 

In addition to the large-sample analysis of the MOPEX dataset, five representative catchments, Case A (12027500), Case B 

(6192500), Case C (7211500), Case D (1643000), Case E (1531000), are analyzed in more detail as case studies. These catchments 

encompass a variety of Köppen climate classifications and different dominant dynamic catchment characteristics, facilitating 115 

comparison of calibration strategies and evaluation of their robustness under diverse hydroclimatic conditions. Their locations and 

characteristics are listed in Table 1 and will be analyzed in depth in the subsequent sections. 
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Figure 1. Location map of the catchment area used in this study, where cases A, B, C, D, and E correspond to catchments 12027500, 
6192500, 7211500, 1643000, and 1531000 (from west to east) are highlighted with red outlines for reference. 120 

Table 1. Summary of catchment characteristics for study cases. 

ID 12027500 6192500 7211500 1643000 1531000 
Location 122.99°W 

 

110.40°W 

 

104.76°W 

 

77.25°W 

 

77.24°W 

 Area (km2) 895 3551 2850 817 2056 
Climate Csb Dfc Bsk Cfa Dfb 

Mean P (mm) 1548.78 735.71 491.70 1068.49 870.53 
Mean PE (mm) 596.53 731.59 1279.88 897.63 711.06 
Mean Q (mm) 1110.19 369.79 10.08 430.15 366.76 

Mean elevation (m) 253.06 2441.28 2262.91 191.80 492.25 
Mean slope (°) 12.16 15.26 9.44 4.99 8.25 

Runoff ratio 0.72 0.50 0.02 0.40 0.42 
Aridity index 2.60 1.01 0.38 1.19 1.23 

Forest cover (%) 71.96 36.95 16.76 31.31 57.36 

Land use Evergreen Forest, 
Pasture/Hay 

Evergreen Forest, 
Shrub/Scrub 

Evergreen Forest, 
Grassland/Herbaceous 

Deciduous Forest, 
Cultivated Crops 

Deciduous Forest, 
Pasture/Hay 

3 Methods 

Hydrological processes within catchments commonly exhibit significant annual and inter-annual variability. However, 

conventional hydrological models often fail to capture these temporal dynamics due to structural simplifications, resulting in 

averaged responses and reduced simulation accuracy. To address these limitations and improve model performance across different 125 

flow phases, this study investigates two strategies: (1) refining the configuration of objective functions during calibration to 

enhance sensitivity to temporal variations; and (2) integrating dynamic catchment characteristics into the modelling framework 

through dynamic parameterization, while systematically investigating the associated calibration challenges. This study aims to 
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evaluate the effectiveness and limitations of various calibration strategies under dynamic catchment conditions and to develop a 

robust calibration framework for catchments with temporal dynamics. 130 

3.1 Hydrological model 

The two investigated strategies involve only parameter configuration and calibration procedures, without necessitating structural 

changes to the hydrological model. Such strategies are compatible with lumped, semi-distributed, and fully distributed models, 

encompassing both conceptual and physically based types. To evaluate and compare the applicability of different calibration 

strategies under dynamic catchment conditions, the simple conceptual hydrological model, HYMOD (Hydrological MODel) 135 

(Moore, 1985), is employed for verification. The HYMOD model is a conceptual rainfall-runoff model with a simple structure 

(five parameters), low input requirements, and empirical physical interpretations. It has been successfully used in streamflow 

prediction across America and many other regions (Vrugt et al., 2003; Wagener et al., 2001). In addition, to enhance model 

performance in snowy areas, the Degree-day model is applied to account for the snow melt (Supporting Information S1.6) (Wang 

et al., 2022a). 140 

The structure of the HYMOD model is shown in Fig. 2. Precipitation (P) and potential evapotranspiration (PET) drive a probability-

distributed soil-moisture store characterized by a maximum capacity (Huz) and a shape parameter (B). Actual evaporation (AE) is 

limited by potential evapotranspiration and soil water availability. The remaining rainfall infiltrates to recharge the soil-moisture 

storage (XHuz). When XHuz reaches its maximum capacity (Huz), the surplus is released as excess rainfall (saturation-excess runoff, 

OV). This excess rainfall is then partitioned by α into inputs to the quick-flow and the slow-flow pathways. Quick flow is routed 145 

through a cascade of three linear reservoirs (states Xq1–Xq3) governed by Kq, producing outflow Qq, while the slow flow is routed 

through a single linear reservoir governed by Ks, producing outflow Qs. The simulated discharge (Qsim) is computed as the sum of 

Qq and Qs (Wang et al., 2022a). Detailed information on the HYMOD model parameters, state variables, and fluxes is provided in 

Table 2. 

 150 
Figure 2. Schematic diagram of the HYMOD structure and principles (Vrugt et al., 2003; Wagener et al., 2001). 
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Table 2. HYMOD model parameters, state variables, and fluxes (Vrugt et al., 2003; Wagener et al., 2001). 
Label Property Range Description 
Huz Parameter 10–1500 mm Maximum height of the soil moisture accounting tank 
B Parameter 0–1.99 Scaled distribution function shape 
α Parameter 0–0.99 Quick or slow split 
Kq Parameter 0.5–0.99 Quick-flow routing tanks’ rate 
Ks Parameter 0–0.5 Slow-flow routing tank’s rate 

XHuz State variable mm Upper-zone soil moisture tank state height 
XCuz State variable mm Upper-zone soil moisture tank state contents 
Xq State variable mm Quick-flow tank state contents 
Xs State variable mm Slow-flow tank state contents 
AE Flux mm d−1 Actual evapotranspiration flux 
OV Flux mm d−1 Excess rainfall flux 
Qq Flux mm d−1 Quick-flow flux 
Qs Flux mm d−1 Slow-flow flux 

Qsim Flux mm d−1 Total simulated streamflow flux 

3.2 Clustering hydrological processes 

Sub-period calibration provides a practical means of linking dynamic catchment characteristics with hydrological models. In sub-

period calibration, the simulation period is clustered into multiple sub-periods characterized by relatively homogeneous 155 

hydrological conditions, allowing dynamic parameters to better reflect temporal variations in catchment behaviour across different 

streamflow regimes (Zhang and Liu, 2021). In this study, the clustering of sub-periods is guided by temporal variations in key 

hydrometeorological and land-surface variables. The methodological framework consists of three key steps: (1) constructing a 

dynamic catchment characteristic index system to describe catchment states; (2) extracting dynamic catchment characteristics 

through screening and dimensionality reduction; and (3) applying unsupervised clustering to cluster the time series into sub-periods 160 

with similar hydrological processes for subsequent sub-period calibration. 

Describing dynamic catchment characteristics: To characterize the temporal dynamics of catchment behaviour, a dynamic 

catchment characteristic index system comprising a climatic subsystem and a land-surface subsystem is constructed to represent 

the time-varying states of the catchment. The climatic subsystem includes core hydrometeorological variables such as precipitation 

(P), temperature (T), and potential evapotranspiration (PE), along with corresponding extreme climatic indicators. The land-surface 165 

subsystem reflects evolving surface conditions through indicators such as antecedent runoff, runoff coefficient, and the normalized 

difference vegetation index (NDVI). All indicators are sampled using a moving window approach, with the optimal window length 

determined through a time-windowed Bayesian inference framework based on predictive log-score (PLS) performance (Hsueh et 

al., 2024). The framework is designed to preserve long-term trend signals, suppress short-term high-frequency noise, and improve 

the stability and robustness of dynamic catchment characteristic extraction. 170 

Extracting dynamic catchment characteristics: Not all indicators exhibit significant dynamic catchment variability; therefore, 

filtering irrelevant or redundant variables is essential to retain meaningful catchment dynamics. A threshold-based screening is 

applied to identify variables exhibiting significant seasonality, retaining only relevant subsystems and forming an initial pool of 

candidate indicators (see Supporting Information S2.1 for detailed criteria). The Maximal Information Coefficient (MIC) is then 

employed to quantify linear and nonlinear associations between candidate indicators and streamflow, ensuring hydrological 175 

relevance. To mitigate multicollinearity and reduce dimensionality, Principal Component Analysis (PCA) is performed, with the 
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first two principal components retained for clustering. This multi-step filtering and reduction procedure ensures robust extraction 

of dynamic catchment characteristics and provides a solid basis for sub-period clustering according to hydrological similarity. 

Clustering hydrological processes: Based on the extracted dynamic catchment characteristics, the time series is clustered into 

distinct sub-periods using the unsupervised Fuzzy C-Means (FCM) clustering algorithm. The optimal number of clusters is 180 

determined through a combination of clustering validity indicators, including the Partition Coefficient (SC), Separation Index (S), 

and Xie–Beni (XB) index, which collectively assess clustering compactness and separation. In addition, the elbow method is 

employed as a supplementary diagnostic to identify the inflection point beyond which further increases in cluster number yield 

diminishing returns. Clustering is performed in the principal component space, enabling effective capture of structural patterns in 

catchment dynamics. The resulting sub-periods provide a robust foundation for integrating dynamic parameters into hydrological 185 

models. 

In addition, the sub-period clustering is developed exclusively using data from the calibration period. To independently evaluate 

the generalization capability and robustness of the model under unseen conditions, no model training or parameter adjustment is 

performed during the evaluation period. 

3.3 Calibration experiments 190 

To systematically evaluate how calibration strategies capture catchment dynamics and improve the simulation of diverse flow 

regimes, a diagnostic framework comprising seven calibration strategies is developed. These experiments sequentially address key 

challenges in representing time-varying hydrological behaviour, with a focus on objective function design and time-varying 

parameterization (Fig. 3). 

Experiments 1–3 use time-invariant parameters and focus on the design and weighting of objective functions. Experiment 1 195 

establishes a baseline with standard global calibration. Experiment 2 applies a multi-objective approach to explore trade-offs 

between high and low flows. Experiment 3 designs a composite objective function to enhance simulation performance across a 

range of flow conditions. Experiments 4–7 incorporate time-varying parameters to better represent temporal catchment variability 

and examine related calibration challenges. Experiment 4 allows only the most sensitive parameter to vary, assessing partial 

dynamization and parameter compensation. Experiment 5 makes all parameters dynamic, raising issues of parameter 200 

dimensionality. Experiment 6 investigates the effects of abrupt parameter shifts on model continuity. Experiment 7 introduces 

smooth parameter transitions to reduce instability while preserving responsiveness to catchment dynamics. 

Throughout the experiments, the Shuffled Complex Evolution algorithm (SCE-UA) is employed to search for the globally optimal 

parameter set (Duan et al., 1993). The HYMOD model is configured for catchments over 19 years from 1982 to 2000, with 1982 

as the warm-up year, 1983–1995 for calibration, and 1996–2000 for evaluation. All other model parameters are held at their default 205 

values. Unless specified otherwise, model calibration is guided by the following objective function: 

OF = 0.5*NSE+0.5*LNSE (1) 

Experiment 1 uses time-invariant parameters calibrated over the entire period without sub-period clustering. It serves as a baseline 

for assessing standard global calibration. 

Experiment 2 approximates a multi-objective calibration by combining NSE and LNSE into a weighted objective: w × NSE + (1–

w) × LNSE. The weight w varies from 0 to 1 (step = 0.05), forming a series of single-objective optimizations using SCE-UA with 210 

time-invariant parameters. This setup explores trade-offs between flow regimes without changing the optimization algorithm. 
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Experiment 3 adopts a composite objective function to improve simulation across flow regimes. It integrates RMSE with flow 

duration curve (FDC)-based metrics (RMSE_Q95, Q70, Qmid, Q20, Q5, as listed in Table 3), representing different flow phases. 

Weights are derived from Experiment 1 using AHP, PP, and CRITIC methods (refer to Supporting Information S1.7). 

Experiment 4 introduces time-varying parameters by allowing only the most sensitive parameter to vary across sub-periods, while 215 

all others remain fixed. State variables and fluxes are passed between sub-periods through an inheritance approach. 

Experiment 5 extends the dynamic calibration to all parameters, with distinct values assigned to each sub-period. As a result, the 

number of parameters increases in proportion to the number of sub-periods, generating a high-dimensional calibration space. State 

and flux continuity between sub-periods is maintained through the same inheritance mechanism used in Experiment 4. 

Experiment 6 investigates the impact of abrupt parameter transitions across sub-periods. Parameters are optimized independently 220 

for each sub-period. During model runs, parameter sets switch discretely between sub-periods, while state variables and fluxes are 

inherited to maintain continuity. 

Experiment 7 adopts the same calibration structure as Experiment 6 but incorporates smooth parameter transitions during 

evaluation. The parallel calibration strategy is designed to preserve continuity in parameter evolution while maintaining water 

balance within each sub-period. 225 

 
Figure 3. Schematic illustration of the seven calibration experiments. The colour bands represent state variables and fluxes, which are 
continuously transferred within the same period. In Experiments 1, 2, and 3, the parameters are time-invariant, but the experiments differ in their 
objective function configurations. Conversely, experiments 4, 5, and 6 maintain a consistent objective function, but vary the parameters across 



10 

 

different experiments. In Experiment 4, the dynamic of only the specific parameter is operated, and the other fixed parameters are optimized 230 
simultaneously. In Experiment 5, the parameter set is dynamized. The parameter sets in different sub-periods are optimized simultaneously. In 
Experiment 6, the data from the individual sub-periods are used for minimizing the objective function, while the model is run for the whole 
period. In the evaluation period, the parameter set between two consecutive sub-periods is updated accordingly. In Experiment 7, the calibration 
is the same as in Experiment 6. In the evaluation period, the simulated flow data from each separate sub-period are combined and compared with 
the observed flow. 235 

3.4 Model evaluation 

3.4.1 Multi-criteria evaluation 

Model simulations are typically evaluated using performance metrics, which can be divided into statistical and signature metrics 

(Pfannerstill et al., 2014; Yilmaz et al., 2008; Clark et al., 2021). However, a limitation exists with many common performance 

metrics: They only focus on overall or specific segments of the streamflow series, neglecting other parts that may have the greatest 240 

practical impact. Hence, for diagnostic analysis, streamflow segments of the flow duration curve (FDC) are used to identify flow 

phases where model performance is poor (Pfannerstill et al., 2014; Schwemmle et al., 2021). Performance across multiple 

streamflow segments is assessed through the criteria defined in Table 3, providing a comprehensive evaluation of model 

performance. 

Table 3. Description of performance metrics. 245 

Metric Formula Description 

NSE NSE = 1 −
∑ �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2𝑛𝑛
𝑖𝑖=1

∑ �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜�
2𝑛𝑛

𝑖𝑖=1

 Sensitive to peaks and discharge dynamics 

LNSE LNSE = 1 −
∑ �log𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − log𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2𝑛𝑛
𝑖𝑖=1

∑ �log𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − log𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜�
2𝑛𝑛

𝑖𝑖=1

 Emphasizing low flows with the log of discharge 

RMSE_Q5 RMSE𝑄𝑄5 = �
1
𝑛𝑛𝑄𝑄5

� �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�
2

𝑖𝑖∈𝐼𝐼𝑄𝑄>𝑄𝑄5

 RMSE in FDC Q5 very-high-segment volume 

RMSE_Q20 RMSE𝑄𝑄20 = �
1

𝑛𝑛𝑄𝑄20
� �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2

𝑖𝑖∈𝐼𝐼𝑄𝑄5<𝑄𝑄<𝑄𝑄20

 RMSE in FDC between Q5 and Q20 high-segment volume 

RMSE_Qmid RMSE𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 = �
1

𝑛𝑛𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄
� �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2

𝑖𝑖∈𝐼𝐼𝑄𝑄20<𝑄𝑄<𝑄𝑄70

 RMSE in FDC between Q20 and Q70 mid-segment volume 

RMSE_Q70 RMSE𝑄𝑄70 = �
1

𝑛𝑛𝑄𝑄70
� �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2

𝑖𝑖∈𝐼𝐼𝑄𝑄70<𝑄𝑄<𝑄𝑄95

 RMSE in FDC between Q70 and Q95 low-segment volume 

RMSE_Q95 RMSE𝑄𝑄95 = �
1

𝑛𝑛𝑄𝑄95
� �𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2

𝑖𝑖∈𝐼𝐼𝑄𝑄<𝑄𝑄95

 RMSE in FDC Q95 very-low-segment volume 

RMSE 
RMSE = �

1
𝑛𝑛��𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2
𝑛𝑛

𝑖𝑖=1

 
RMSE sensitive to flood peaks 

MSE MSE =
1
𝑛𝑛��𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2
𝑛𝑛

𝑖𝑖=1

 MSE is sensitive to high flow 

MSEL MSEL =
1
𝑛𝑛��log𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − log𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

2
𝑛𝑛

𝑖𝑖=1

 MSEL is sensitive to low flow 

MAE MAE =
1
𝑛𝑛��𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖�

𝑛𝑛

𝑖𝑖=1

 MAE is measuring the overall discharge 



11 

 

Notes: Where 𝑸𝑸𝒐𝒐𝒐𝒐𝒐𝒐,𝒊𝒊 and 𝑸𝑸𝒔𝒔𝒔𝒔𝒔𝒔,𝒊𝒊 represent the observed and simulated streamflow at time step i, and 𝑸𝑸𝒐𝒐𝒐𝒐𝒐𝒐 is the mean observed flow. n is the total 

number of time steps. For log-transformed metrics (e.g., LNSE and MSEL), log denotes the natural logarithm. Note that the FDC is usually split 

into various segments to describe different flow characteristics of a catchment (Gupta et al., 2009; Cheng et al., 2012; Pfannerstill et al., 2014). 

The RMSE with quadratic character is usually used to evaluate poor model performance due to the strong sensitivity to extreme positive and 

negative error values. 250 

3.4.2 State variables and fluxes 

The evaluation of state variables and fluxes links sub-period calibration and dynamic parameterization to internal model continuity 

and responsiveness, helping to diagnose performance differences across experiments. The internal behaviour of the hydrological 

model, involving the time series of state variables and fluxes that constitute subspaces within the model state space, is visualized 

in graphs and categorized by the operation of different sub-periods. Such visualization facilitates the identification of issues in 255 

calibration experiments. For instance, unreasonable values exceeding operational boundaries often signal errors in model operation 

triggered by abrupt parameter shifts. Similarly, unresponsive values may indicate either operational errors or unique catchment 

characteristics. Furthermore, a flux map is developed and applied to evaluate the equifinality or uncertainty of internal model 

behaviour by plotting different components of model fluxes (Khatami et al., 2019). The flux map is a ternary or binary plot where 

each dimension represents a model runoff flux, and each model run is projected as a single point based on the proportions of its 260 

equifinal runoff fluxes to the total simulated Q. To HYMOD model, the components with Qq1, Qq2, and Qs are defined, which 

represents the runoff component of the output of quick-release reservoirs of linear routing component (OV1), the output of quick-

release reservoirs of nonlinear routing component (OV2) and the output of slow-release reservoir (Qs). The point cloud pattern from 

ternary or binary plots can vary from very constrained to filling the entire feasible flux space, which represents the different 

dominant components of runoff. Thus, the point cloud on the flux maps is an expression of the model uncertainty; filling a larger 265 

space on the flux map indicates higher degrees of model uncertainty. 

4 Results 

4.1 Defined sub-periods based on catchment dynamics 

To support the implementation of sub-period calibration, periods were identified for all 219 catchments based on variations in 

dynamic catchment characteristics. The results indicate that dynamic catchment patterns are widespread across the study area, with 270 

219 catchments exhibiting significant variation in at least one hydrometeorological variable (precipitation, temperature, potential 

evapotranspiration, NDVI, or runoff). Spatially, precipitation seasonality is more significant in the central and western regions; 

potential evapotranspiration seasonality is widespread, especially in northern areas; runoff seasonality is most evident in the central 

and northeastern regions; and vegetation seasonality is also common, with only a few high-latitude catchments lacking significant 

dynamic variation. 275 

A data-driven method was applied to extract relevant information and cluster the time series into distinct periods. The optimal 

sampling window for each catchment was identified using a Bayesian inference approach, with values ranging from 5 to 150 days 

(mean = 59.45 days). The MIC was then applied to filter out indicators with weak correlation to runoff. PCA was performed for 

dimensionality reduction, and the first two components explained, on average, 83.5% of the total variance. Based on the reduced 

feature space, FCM clustering was used to group time steps, with an average of 4.2 periods identified per catchment. 280 
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To illustrate the applicability of the method under diverse hydro-climatic conditions, five representative catchments were selected, 

covering a range of climate zones and dominant hydrological drivers. These catchments were also used in the subsequent modelling 

experiments. As shown in Fig. 4a and Fig. 4b, their optimal window lengths ranged from 30 to 150 days, with 12 to 31 indicators 

retained after screening. In all five cases, the number of identified periods ranged from 3 to 5. When compared with hydrographs, 

the identified periods aligned well with key hydrological processes, such as rising and recession limbs (Fig. 4c). In catchments 285 

with strong dynamic signals (e.g., Case A and Case B), the identified periods showed stable interannual patterns, while in 

catchments with greater variability (e.g., Case D and Case E), the clusterings still captured major dynamic catchment characteristics. 

These period clusterings provide a physically interpretable structure that supports the dynamic parameterization and modelling 

experiments introduced in the following sections. Considering the performance of the seven modelling experiments across both 

calibration and evaluation periods, Experiments 5 and 7 are considered the recommended experiments for capturing dynamic 290 

catchment characteristics. Experiment 5, with multi-parameter dynamic calibration, achieves high predictive accuracy across 

diverse flow regimes, although it may slightly compromise physical consistency in runoff generation. Experiment 7, incorporating 

smooth parameter transitions, maintains comparable accuracy while promoting more consistent and physically reasonable runoff 

strategies across sub-periods, thus offering a balanced approach between model performance and hydrological interpretability. 

Detailed analysis of the results will be presented in the following sections. 295 

 
Figure 4. a, Optimal window lengths of catchment area used in this study for the sub-period clustering. b, Number of subperiods reflecting 
results from Section 3.2. c, Visualization of clustering results on the hydrograph for the respective study cases. 
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4.2 Model performance 

To compare seven experiments in dynamic catchments and to identify potential limitations in model calibration, the evaluation is 300 

conducted across 219 catchments characterized by hydrological variability. As shown in Fig. 5, the NSE and LNSE values during 

both calibration and evaluation periods reveal differences in the ability of diverse calibration schemes to capture high- and low-

flow conditions. The median NSE reached only 0.4–0.5 in Experiments 1 and 2, and although the LNSE approached 0.7, negative 

values are frequently observed. It is suggested that global optimization or simple weighted objective functions often lead to an 

averaging of catchment responses, thereby limiting accuracy for both high- and low-flow conditions. Experiment 3 employed an 305 

objective function defined as: 𝑂𝑂𝑂𝑂 = 0.27 ∙ RMSE_Q5 +  0.16 ∙ RMSE_Q20 +  0.08 ∙ RMSE_Qmid +  0.24 ∙ RMSE_Q70 +

 0.25 ∙ RMSE_Q95, the weighting scheme explicitly accounted for extremely high (Q95), high (Q70), medium (Qmid), low (Q20), 

and extremely low (Q5) flows. Despite this design, both NSE and LNSE declined relative to Experiment 1. The decrease may be 

attributed to excessive parameter adjustments aimed at fitting a limited number of extreme events, which reduced the predictive 

accuracy of the overall streamflow process. When single dynamic parameters are introduced in Experiment 4, median NSE and 310 

LNSE increased to approximately 0.55 and 0.8, respectively, with narrower interquartile ranges. These outcomes indicate that 

dynamic parameters enhanced the ability of the hydrological model to capture temporal variability, although structural errors 

persisted, as reflected in local outliers. More significant improvements emerged with multiple dynamic parameters. Experiment 5 

achieved median NSE and LNSE values of approximately 0.7–0.8 in both calibration and evaluation periods. Although high-

dimensional optimization increased computational demand and LNSE variability in some basins, overall performance represented 315 

a balanced trade-off between dynamic adaptability and physical consistency. Experiment 6 also performed well during the 

calibration period; however, its abrupt parameter switching led to a particular decline of LNSE and increased dispersion in the 

evaluation period. Experiment 7 addressed these shortcomings by applying a gradual parameter-switching strategy during the 

evaluation period. As shown in Fig. 5, the boxplots are more compact and shifted toward higher values, indicating that stable and 

consistent performance was achieved across most basins. However, compared with Experiment 5, Experiment 7 displayed a greater 320 

number of outliers, particularly in LNSE, where they tended to cluster at lower values, suggesting higher variability in model 

performance across catchments. The overall accuracy remained comparable to that of Experiment 5. In summary, compared with 

static calibration schemes (Experiments 1–3), single dynamic parameter calibration (Experiment 4) improved simulative accuracy, 

while multi dynamic parameter calibration produced further gains. Among all experiments, Experiments 5 and 7 demonstrated the 

most robust and accurate performance. 325 
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Figure 5. Performance of seven calibration experiments on the MOPEX dataset across 219 catchments. Boxplot colour denotes different 
experiments. The whiskers extend a maximum of 1.5 times the interquartile range. Values beyond the whiskers are marked as outliers and are 
denoted as +. 

To further examine how the different experiments under various hydrological conditions, a detailed assessment of five 330 

representative catchments is conducted with diverse dynamic patterns and baseline model performance. Fig. 6 presents the model 

performance of the seven experiments in five study cases. In all study cases, Experiment 1 demonstrated low simulation accuracy 

and limited parameter transferability across different flow phases, particularly under extremely low-flow and high-flow conditions. 

The results in Experiments 2 and 3 show limitations on both objective functions compared to Experiments 5 and 7. Adjusting the 

weights between NSE and LNSE improved accuracy for mid-phase flows but failed to account for other flow phases. For instance, 335 

in case A, considering NSE, the metric increased from 0.48 (Experiment 1) to 0.62 (Experiment 2) during the calibration period, 

and from 0.50 to 0.64 during the evaluation period. However, both RMSE_Q5 and RMSE_Q95 increased. Relative to Experiment 

1, the RMSE_Q95 exhibited a diminished performance during both the calibration and evaluation periods in Experiment 2. Despite 

prioritizing high and low flows through a weighted objective function, Experiment 3 underperforms compared to Experiment 1. 

While the objective function emphasizes these targeted phases, adjusting its weights unexpectedly failed to improve performance 340 

in the target flow phase and even worsened the model's performance in other evaluation metrics, indicating that this scheme exhibits 

instability in its performance across different flow phases. For instance, in case A, the NSE decreased from 0.48 to -0.74 in the 

calibration period, and from 0.50 to -0.27 in the evaluation period, compared with Experiment 1. In case C, the performance decline 
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was more significant, with NSE values during both the calibration and evaluation periods approaching zero. Experiment 4 exhibited 

only marginal improvements over Experiment 1 across most metrics. In contrast, Experiments 6 and 7, which employed the same 345 

calibration procedures, achieved strong overall performance during the calibration period, particularly in reproducing high flows 

and flood peaks. However, during the evaluation period, Experiment 6 showed inconsistent performance—while excelling in 

certain aspects such as high-flow simulation, it experienced significant degradation in others (e.g., NSE, MAE, and RMSE_Q95). 

The extent of performance decline in Experiment 6 varied among catchments: in case D, RMSE_Q95 increased by only 0.61 mm/d 

compared to the calibration period, whereas in case C, the deterioration was most severe, with RMSE_Q95 increasing by 17.64 350 

mm/d. The decline can be attributed to extremely dry conditions, where runoff volumes approached zero (less than 0.01 mm), 

making small deviations translate into large relative errors. Notably, across all study cases, Experiments 5 and 7 consistently 

maintained excellent performance during the evaluation period, closely mirroring their calibration results and outperforming other 

experiments in nearly all metrics. Moreover, analysis of parameter transferability revealed minimal differences between calibration 

and evaluation periods for Experiments 5 and 7. Hence, Experiments 5 and 7 demonstrate the superior performance across all 355 

evaluation metrics, exhibiting improvements in simulations across various flow phases. 

 
Figure 6. The model performance of seven experiments in five study cases was assessed using multiple evaluation metrics. Lower values reflect 
superior performance. 

4.3 State variables and fluxes 360 

The state variables and fluxes reflect the internal operation of the hydrological model. The assessment results of state variables and 

fluxes through seven calibration experiments for case study A are illustrated in Fig. 7 and Fig. 8 (results of cases B, C, D, and E 

are shown in S3 of Supporting Information). Experiments 1, 2, and 3 exhibited only minimal differences in both state variables 

and flux time series, with only the results of Experiments 1 and 3 shown for clarity. A slight improvement is shown in Experiment 

4 compared with the time-invariant parameter schemes; however, small mismatches remain during flow recessions and peak 365 

timings. This indicates that the dynamic adjustment of a single parameter is insufficient to represent the full range of catchment 
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dynamics. Notably, the state variable 𝑋𝑋𝑞𝑞 and flux 𝑄𝑄𝑞𝑞  in Experiment 4, the display is abnormally flat compared to Experiment 1, 

showing a wrong response of the rapid runoff module to input variations. 

In Experiment 6, abrupt parameter switching is applied across sub-periods. The state variable 𝑋𝑋𝑞𝑞 and flux 𝑄𝑄𝑞𝑞  in Experiment 6, 

exhibit step changes or even discontinuities at the switching boundaries, with large deviations during low-flow sub-periods. The 370 

phenomenon is particularly evident in cases B and D. These results indicate that abrupt switching disrupts water balance continuity, 

thereby reducing performance in low-flow simulations. Despite these setbacks, Experiments 5 and 7 introduced significant 

improvements across all study cases. In Experiment 5, multi-parameter dynamic calibration is applied while continuity of state 

variables and fluxes is maintained. As shown in Fig. 7 and Fig. 8, in case A, the flux variables Qq and QS transition smoothly across 

sub-periods without visible discontinuities, the state variables 𝑋𝑋𝐻𝐻𝑢𝑢𝑢𝑢  and 𝑋𝑋𝑋𝑋𝑢𝑢𝑢𝑢  also connect consistently across sub-periods, 375 

indicating that multi-parameter dynamic calibration captures the catchment dynamics of soil moisture and storage processes. 

However, Experiment 5 shows limitations in maintaining the consistency of simulated discharge (Qsim). For example, in case B, 

the baseline extent of Qsim exhibited slight drift, reflected in systematic differences in response intensity to similar rainfall events 

across adjacent sub-periods. The fluxes and state variables in Experiment 7 exhibit results similar to those in Experiment 5. 

However, when sub-period simulations are concatenated, slight inconsistencies occasionally emerge at the sub-period boundaries, 380 

with flood peaks being slightly overestimated or baseflows being underestimated. Overall, Experiments 1, 2, and 3 exhibit 

negligible differences in state variables and flux series, although Experiment 3 produces a decline in low-flow accuracy. 

Experiment 4 shows marginal improvements compared with time-invariant parameterization; however, it indicates that a single 

dynamic parameter is insufficient to capture overall dynamic catchment characteristics. Experiment 6 applies abrupt parameter 

switching across sub-periods, which disrupts water continuity. In contrast, Experiments 5 and 7 display significant improvements 385 

in simulation performance, particularly by mitigating the underestimation of high flows and the overestimation of low flows, as 

evidenced by the behaviour of internal model variables. 

 
Figure 7. Fluxes simulation results of experiments during the representative evaluation period for case A. The figure shows the flux simulation 
results from Experiments 1 to 7, with different colours representing different sub-periods. 390 
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Figure 8. State variables simulation results of experiments during the representative evaluation period for case A. The figure shows the state 
variable simulation results from Experiments 1 to 7, with different colours representing different sub-periods. 

The comparative analysis of Experiments 1, 5, and 7 further illustrates the performance improvements introduced by Experiments 

5 and 7. Fig. 9 illustrates the flux mapping of various sub-periods in the study case A, comparing Experiments 1, 5, and 7. Flux-395 

mapping figures for the other study cases are detailed in the Supporting Information (Fig. S13-S16). Each scatter point in the 

figures represents a parameter set generated during the SCE-UA algorithm optimization process. The colour and relative position 

of each scatter point on the axes illustrate the variation in runoff components for sub-periods under specific parameter sets, as well 

as the corresponding objective function value. To facilitate comparison, the results of Experiment 1 are also presented by the same 

sub-periods as Experiments 5 and 7. Notably, the differences in optimization performance between Experiments 1 and 7 reveal 400 

key insights into model behaviour. Across all study cases, both Experiments 1 and 7 show the poorest results in sub-periods 1 and 

2, with the largest (worst) objective function values. In the remaining three sub-periods, the objective function values are 

significantly better. Compared to Experiment 1, Experiment 7 consistently identified more optimal parameter sets with smaller 

objective function values within the same period. For example, in Fig. 9b (Experiment 7), most of the dark blue scatter points for 

sub-period 5 cluster around a vertical axis value of approximately 0.25, whereas in Experiment 1, scatter points for the same sub-405 

period are more widely distributed near 0.5. Shifting the focus to flux components, the spatial distribution of scatter points in the 

flux maps reveals varied runoff components and internal model behaviour for each sub-period. In Experiment 7, clusters of scatter 

points of the same colour appear more compact, while in the traditional scheme, they are more dispersed along both vertical and 

horizontal axes. This pattern indicates that, despite similar objective function values, Experiment 7 possesses a narrower range of 

optimal equifinality parameters during the parameter evolution process, reducing the model's internal fluxes equifinality and 410 

uncertainty. Furthermore, Fig. 9b shows that in Experiment 7, the colour bars along the vertical axis are shorter and more evenly 

distributed, demonstrating that from sub-periods 1 to 5, the SCE-UA algorithm more rapidly converges to near-optimal solutions, 

showing a narrower range of variability in the optimization process.  

Further comparison with Experiment 5 (Fig. 9c) shows that parameter sets within each sub-period were tightly clustered in the 

vertical direction, indicating consistently high performance within individual sub-periods. However, these clusters were widely 415 
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dispersed along the horizontal axis. For instance, the cluster for Sub-period 2 (dark red) is concentrated at higher Qs values 

(approximately 0.9), whereas the cluster for Sub-period 4 (orange) is concentrated at much lower values (approximately 0.5). Such 

horizontal separation suggests that different runoff generation mechanisms (fluxes) are adopted across sub-periods to achieve high 

performance, which may compromise the physical consistency of the overall simulated discharge (Qsim). This inconsistency is 

particularly evident in case E, where runoff generation mechanisms across sub-periods appeared nearly independent, while the 420 

separation is less significant in case B. In contrast, scatter clusters in Experiment 7 (Fig. 9b) are more tightly aligned along the 

horizontal axis, indicating the adoption of more consistent and physically reasonable runoff strategies across sub-periods. 

Nevertheless, Experiment 7 poses a potential risk of discontinuities in internal state variables at sub-period boundaries, a 

phenomenon that was particularly evident in case D (Fig. S15). In summary, the improvements observed in Experiments 5 and 7 

underscore both the importance of refining dynamic parameters and the model’s ability to simulate complex hydrological processes 425 

across sub-periods. However, Experiment 5 may compromise physical consistency in runoff generation processes, while 

Experiment 7 faces the challenge of ensuring smooth transitions of state variables across boundaries. 

 
Figure 9. a, Flux mapping for case A in the conventional scheme, b, Experiment 7, and c, Experiment 5, where the horizontal axis represents 

the proportion of Qs in the runoff. 430 

4.4 Parameters 

The dynamic parameter sets, optimized by various calibration experiments across five case studies, are depicted in Fig. 10. 

Experiments 1, 2, and 3 utilized a time-invariant parameter set, adjusted through the objective function to reflect the catchment's 

average characteristics. Experiment 4 allowed the parameter Huz, which exhibits the highest sensitivity, to vary across different 
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sub-periods while maintaining other parameters constant. However, the dynamics of Huz in response to catchment characteristic 435 

changes across sub-periods did not significantly improve the model's performance within the five case studies. In Experiment 5, 

all parameters vary across sub-periods, as illustrated in Fig. 10. The greater colour variation of parameters compared with 

Experiment 4 indicates a stronger response to catchment dynamics; however, no consistent variation pattern emerged in response 

to catchment characteristics. In Experiments 6 and 7, certain parameters, such as Ks, exhibited minimal correlation with sub-period 

characteristics within catchments. As indicated in Fig. 10, the colour variation of bubbles in the Ks column is limited. In some 440 

cases, however, deeper bubble colours appear during sub-periods with concentrated precipitation or higher antecedent soil moisture, 

indicating the Ks value is highest during sub-periods with abundant and concentrated precipitation, higher temperatures, and higher 

antecedent runoff (soil moisture), and lowest during relatively cold and dry sub-periods. However, this correlation is not significant. 

Furthermore, Kq does not exhibit a clear pattern of variation due to the poor response of α, which indirectly changed the model 

structure and bypassed the quick flow module. The phenomenon reflects the uncertainty inherent in model parameters and structure. 445 

In sum, compared to time-invariant schemes, Experiments 5 and 7 exhibit superior performance in identifying key parameters and 

their responses to catchment dynamics. The dynamic characteristic of parameters emphasizes the importance of calibration across 

sub-periods. Although the dynamic parameter set enhanced the model's response capability to catchment dynamics, the overall 

response of the entire dynamic parameter set to catchment dynamics remains relatively poor. The reasons for the improved 

simulation performance of the dynamic parameter set will be explored in the discussion section. 450 

 
Figure 10. Assessment of dynamic parameter sets across various calibration experiments. The parameter boundaries shown in the figure are Huz 
(0-1500), B (0-2), α (0-1), Kq (0.5-1), and Ks (0-0.5). 
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5 Discussion 

5.1 Why dynamic parameter sets improve simulation performance 455 

Despite the significant improvement in the simulation performance of hydrological models based on catchment dynamics, the 

response of discretized dynamic parameters (even highly sensitive ones) to these catchment dynamics is not satisfactory. However, 

a dynamic parameter set can collectively carry the extracted information of dynamic catchment characteristics, compensating for 

model structural deficiencies and improving model performance. Therefore, this study further explores the potential reasons from 

three aspects: the correlations between parameters, equifinality in the hydrological model, and the evolution process of parameters. 460 

5.1.1 Complex correlation between parameters 

Fig. 11a and Fig. 11c demonstrate that there are both significantly linear and nonlinear correlations among the parameters of the 

hydrological model in the study case A (results of other cases are shown in supporting information). MIC values above 0.35 among 

most parameters suggest that the dynamics of individual parameters may be affected by others (Gillespie et al. 2021). This explains 

the unimproved model performance when altering individual parameters during different sub-periods in Experiment 4. The analysis 465 

results of parameter sensitivity based on the scatter plot method also confirmed the influence of the correlation between parameters. 

In the recommended scheme (Experiment 7), parameters like Ks (the slow-flow routing tank’s rate) exhibit a weak responsive 

relationship to the dynamic catchment, validating the significance of clustering sub-periods based on catchment dynamics. Due to 

the complex linear or nonlinear correlations between parameters, the variation of individual parameters can be compensated for by 

changes or adjustments in other parameters, leading to no significant changes in the simulation performance of the model (Xiong 470 

et al., 2019; Gou et al., 2020; Zhou et al., 2022). Bárdossy (2007) suggested that parameters within a hydrological model parameter 

group should not be considered individually but rather treated as a whole. 

5.1.2 Equifinality in the hydrological model 

The parameter sets derived by the SCE-UA algorithm for flux mapping encounter inherent limitations (Beven, 1993; Padiyedath 

Gopalan et al., 2018). This arises due to the algorithm's inherent directionality in the optimization process, which potentially 475 

overlooks certain parameter sets capable of producing equifinality results. Analysis of parameter sensitivity through flux mapping 

and scatterplot methodology reveals a distinctive feature towards the end of the search path: A tail-like pattern in the scatterplot in 

Fig. 7a and Fig. 7b, indicating a series of parameter sets with equifinality identified by the optimization algorithm. These scatter 

points represent parameter sets producing similar results, though originating from distinctly different physical processes. Hence, it 

may fail to infer that model runs exhibiting higher performance values consistently correspond to more realistic scenarios. The 480 

evaluation of model performance, particularly when quantified in a scalar manner, emerges as a weak, unreliable, and unrealistic 

approach for model assessment. The representation of model processes cannot be sufficiently measured by a solitary performance 

metric or a limited range of values (Khatami et al., 2019; Knoben et al., 2020; Santos et al., 2018). A rigid interpretation of objective 

functions can lead to misinterpretations; for instance, in Fig. 11b, model runs with marginally lower NSE values might offer more 

realistic underlying processes compared to those with better NSE values (Gomez, 2019). It is vital to acknowledge that high model 485 

performance does not inherently equal realism and may be influenced by numerical artifacts arising from various sources of 

uncertainty. Moreover, our constrained understanding of catchment processes, involving runoff generation mechanisms and 

complex runoff events, makes it challenging to determine the likelihood of specific parameter sets occurring in reality (Troin et 

al., 2021). 
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5.1.3 Evolution process of parameters 490 

While the causes of non-physical dynamic parameter values are complex, they might be partially attributed to the failure of global 

optimization algorithms to converge and find approximated global optimal solutions during the evolutionary process. Hydrological 

model parameter response surfaces exhibit a range of complex characteristics, including high non-linearity, multi-modality, non-

convexity, irregularity, discontinuity, noise, roughness, and non-differentiability (Bian et al., 2024; Maier et al., 2014; Herrera et 

al., 2021). To better describe the evolutionary process of the parameters, a fitness landscape is used, where the vertical axis 495 

represents the objective function values and the horizontal axis represents the parameter space (Fig. 11d). The evolutionary process 

is the process of searching for a global optimum. During this process, deceptive gradients of the objective function values can 

mislead the optimizer away from the global optimum; the increase in the number of local optima also makes the search path for 

the global optimum more complex and challenging (Bian et al., 2024). Terminating at a local optimum can prevent the optimized 

parameters from accurately responding to environmental changes. 500 

5.2 Problems caused by parameter abrupt shifts 

Abrupt parameter shifts disrupt the assumption of long-term water balance in traditional hydrological models, potentially leading 

to invalid values for state variables in adjacent sub-periods (Kim and Han, 2016; Myers et al., 2021; Fowler et al., 2022). For 

instance, during the transition of soil maximum storage height (𝐻𝐻𝑢𝑢𝑢𝑢), the 𝐻𝐻𝑢𝑢𝑢𝑢 value for the next sub-period might be lower than 

the former actual state variable value (𝑋𝑋𝑋𝑋𝑢𝑢𝑢𝑢). Similarly, numerical overflow errors might lead to model crashes and the generation 505 

of invalid results (Fig. 11e). These errors could also propagate through various modules of the model, such as the high-speed runoff 

module and slow-speed runoff module, disrupting the proper functioning of other parts of the model and making the optimization 

algorithm incapable of producing valid results. 

 
Figure 11. a, Linear or nonlinear correlations between parameters based on MICs in case A, with red indicating the strongest correlation among 510 
parameters. b, Conceptual diagram illustrating the trade-off between empirical fitting to data and the penalization of model complexity, and its 

impact on prediction error (Schoups et al., 2008). c, Parameter sensitivity analysis for case A through scatter plots. d, Three-dimensional fitness 
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landscape showing the objective function values on the vertical axis, parameter space on the horizontal axis, and various evolutionary paths that 

elements can follow within the parameter space, indicated by arrows. e, Conceptual diagram of errors resulting from abrupt parameter shifts. 

5.3 Parameter response to catchment dynamics 515 

In this study, the sub-period clustering method (Section 3.3) is employed to extract the dynamic catchment characteristics of 

hydrological processes, enabling model parameters to adjust across hydrological periods. This approach improved simulation 

accuracy and robustness in dynamic catchments, demonstrating the necessity and effectiveness of incorporating dynamic 

parameters into conceptual hydrological models (Refsgaard et al., 2021). However, a critical question arises: To what extent do 

dynamic parameter variations represent the true dynamic variability of catchment properties, and to what extent do they compensate 520 

for structural deficiencies of the model itself (Thornton et al., 2022)? To address this problem, a diagnostic experiment is designed. 

Building on the sub-period calibration framework (Experiment 7), a soft constraint based on globally optimal parameters is 

introduced, integrating prior information on overall catchment behaviour into sub-period parameter estimation. This design 

balances the flexibility of dynamic parameter adjustment with the need to preserve physical consistency. The diagnostic objective 

function is defined as:  525 

 OF=1-(0.5*NSE+0.5*LNSE) + Penalty (2) 

where the penalty term quantifies the deviation of the sub-period parameter set 𝜃𝜃�𝑖𝑖 from the globally optimal parameter set 𝜃𝜃𝑖𝑖. The 

penalty is formulated as the mean of the absolute relative errors: Penalty = 1
𝑁𝑁

× ∑ �𝜃𝜃
�𝑖𝑖−𝜃𝜃𝑖𝑖
𝜃𝜃𝑖𝑖

�, where 𝑖𝑖 denotes the parameter index, and 

𝑁𝑁 is the total number of parameters (five in the HYMOD model). This setting allows assessment of how model responses change 

when parameter variability is constrained within a more stable and physically consistent range. 530 

As shown in Fig. 12a, imposing the constraint leads to posterior distributions that are more concentrated within each sub-period, 

with reduced dispersion, reflecting greater stability. Parameter transferability between calibration and evaluation periods also 

improved, as illustrated in Fig. 12b, with smaller declines in model performance across periods. However, these gains in parameter 

stability are accompanied by significant reductions in NSE and LNSE, rendering performance inferior to unconstrained sub-period 

calibration. This trade-off highlights the compensatory role of dynamic parameters in addressing structural limitations of fixed 535 

model formulations. When the capacity of parameters to compensate is constrained, the observed performance decline reflects 

underlying structural inadequacies in representing key hydrological processes. 

The demand for dynamic parameters is often symptomatic of structural insufficiency. A structurally adequate model should 

maintain stable parameters that represent physical catchment properties. When the model formulation fails to capture essential 

processes, the “optimal” parameters must vary dynamically to compensate for these omissions (Beven, 2019). Evidence from the 540 

GLUE framework has shown that posterior parameter distributions can diverge almost completely between wet and dry seasons, 

implying that sub-period calibration with distinct parameter sets effectively corrects structural errors and improves accuracy 

(Blasone et al., 2008). Moreover, concepts from Data-Based Mechanistic (DBM) modelling and state-dependent parameter (SDP) 

approaches suggest that time- or state-dependent gains—such as nonlinear filters linked to soil moisture or runoff—can be 

identified from data. These gains compensate for missing nonlinearities in effective rainfall, often exhibiting dynamic catchment 545 

patterns over longer periods. On this basis, the proposed sub-period calibration framework is positioned as a practical means of 

using parameters as proxy variables to alleviate structural deficiencies, thereby enhancing streamflow simulation accuracy in 

dynamic catchments (Bouaziz et al., 2022; Terrier et al., 2021). 
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Figure 12. a, Distributions of the optimal parameter spaces across sub-periods under different climatic and land-surface conditions for case A. 550 
Each violin depicts one parameter space, with parameter values on the y-axis; the violin width reflects the probability density of the parameter 
values. Parameter bounds are: Huz (0-1500), B (0-2), α (0-1), Kq (0.5-1), and Ks (0-0.5). Results for all study cases are provided in S5 of the 
Supporting Information. b, Cumulative distribution functions (CDFs) of NSE and LNSE comparing the experiment built on Experiment 7 with 
added parameter constraints (blue), Experiment 7 (red), and Experiment 1 (black); higher values indicate better performance. Upper panels show 
calibration; lower panels show verification. Shaded bands denote 90% bootstrap confidence limits to indicate sampling uncertainty. 555 

6 Conclusions 

Due to limitations in observational data and an incomplete understanding of catchment hydrological processes, traditional 

conceptual hydrological models often fail to represent catchment dynamic characteristics, leading to generalized simulation of 

different flow regimes. To address model deficiencies and improve simulation in dynamic catchment characteristics, it is essential 

to re-examine the time-varying information in historical hydrological and meteorological data and consider the variation in 560 

calibration. The study investigates calibration challenges in dynamic catchments and proposes a structured framework to address 

two major issues: The influence of objective function design on flow-phase-specific performance and the limitations of sub-period 

calibration with dynamic parameters. Seven experiments were conducted to systematically evaluate these aspects. Experiments 1–

3 focused on the effects of time-invariant parameters and different objective function configurations, while Experiments 4–7 

explored challenges in dynamic parameter calibration, including parameter correlation, high dimensionality, and state transitions. 565 

Model performance was comprehensively assessed using multiple metrics and internal diagnostics across 219 MOPEX catchments. 

The following specific conclusions could be drawn from this study: 

 Adjusting the configuration of the objective function can enhance the simulation of emphasized flow phases, but at the cost 

of sacrificing simulation performance for other flow phases, making it difficult to improve overall model performance. 
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 Due to issues of model structural deficiencies, correlation among parameters, dimensional disaster in optimization, and the 570 

transition of dynamic parameters between adjacent sub-periods, improving model performance through individual parameters 

alone is not feasible. Model parameters should be considered as a group of parameters. 

 Among all calibration experiments, Experiments 5 and 7 effectively addressed the challenges associated with dynamic 

parameter operations and flow-phase-specific performance, balancing dynamic adaptability and physical consistency. These 

calibration strategies are thus recommended for application in dynamic catchments, where capturing temporal variability and 575 

maintaining model reliability are critical. 

The calibration and evaluation framework proposed in this study not only addresses defects caused by the simplification of model 

structure for hydrological models but also enhances model simulation accuracy across different flow phases and effectively reduces 

model uncertainty. The evaluation framework comprehensively assesses the performance of hydrological models through multi-

criteria evaluation and reveals sources of uncertainty in model internal operation from the perspectives of state variables and fluxes. 580 

Despite the positive results of this study, developing more realistic models will aid in our understanding of hydrological processes 

and improve hydrological forecasting. 
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