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Abstract


Reliable precipitation inputs are essential for hydrological modeling, yet global precipitation products often exhibit substantial discrepancies that introduce significant uncertainties into streamflow simulations and projections. In this study, we assessed the relative contribution of precipitation dataset uncertainty to discharge simulations and projections, in comparison with uncertainties from model structure, model parameters, and climate projections, in the Liujiang catchment, southwest China. Three widely used satellite-based products (CHIRPS, PERSIANN, and IMERG) and one reanalysis dataset (ERA5) were combined with three hydrological models of varying structural complexity to simulate streamflow. Using an ANOVA-based variance decomposition framework, we quantified the contributions of different uncertainty sources under both historical and future climate conditions. Results showed that precipitation input uncertainty dominates discharge simulations during the calibration period, contributing over 60% of total variance particularly at high flows, while interactions among precipitation, model structure, and parameters govern low-flow simulations. Under future climate scenarios, climate projection uncertainty overwhelmingly dominates discharge predictions with 50–80% of uncertainty contribution, yet precipitation products still contribute significantly across time scales. The compensation of precipitation biases by hydrological models can cause parameter values to deviate from their true physical meaning. This deviation may further amplify the differences in discharge projections driven by different precipitation products under future climate conditions and increase the overall uncertainty of streamflow projections. Overall, this study introduced an integrated approach to simultaneously assess precipitation uncertainty across flow regimes and future climate scenarios. These results emphasized the necessity of using ensemble approaches that incorporate multiple precipitation products in hydrological forecasting and impact studies, particularly in data-scarce regions reliant on global datasets.
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1. Introduction


Precipitation, as the primary driver of the hydrological cycle, is essential for accurate hydrological modeling, flood forecasting, and water resources management [1,2,3]. However, in data-scarce or ungauged regions, obtaining reliable precipitation observations remains a big challenge. In such cases, the global precipitation datasets, particularly satellite and reanalysis precipitation products, provide an important alternative [4]. These datasets can offer consistent, near-global coverage with relatively high temporal and spatial resolution, enabling hydrological simulations even in remote, mountainous, and rural areas where ground-based observations are limited or unavailable. Nowadays, a number of global precipitation datasets have been released and available for research related to water resources [5,6].



Although global precipitation products were widely used in the streamflow simulation, they still contain substantial inherent uncertainties, and significant differences exist among different products [7,8,9]. These uncertainties mainly arise from sensor measurement errors, the frequency of sampling, retrieval algorithms and the representation of cloud physics [10,11,12]. In recent years, a number of studies have compared satellite and reanalysis-based precipitation products against gauge observations to assess their performance across different regions [13,14]. Overall, these studies demonstrate the performance of different precipitation products varies substantially across climatic and topographic regions, and no single product consistently outperforms others globally [11,15]. Furthermore, when these precipitation products are applied in the hydrological simulation, precipitation errors can be partly compensated through parameter calibration to some extent [16,17,18,19], leading to strong interactions between precipitation inputs and model structures. Such interactions further complicate the relationship between precipitation datasets and simulated streamflow, making it challenging to identify an optimal precipitation product for a specific region. Consequently, the use of global precipitation products for streamflow prediction in data-scarce or ungauged basins inevitably involves considerable uncertainty. A systematic understanding of how the uncertainty from the different global precipitation datasets contributes to streamflow simulation uncertainty is therefore essential for improving hydrological prediction and supporting effective water resources management.



Precipitation uncertainty represents a critical component of overall streamflow simulation and forecasting uncertainty, and its influence on hydrological model performance has been widely investigated. Typically, there are three primary approaches to measure or estimate precipitation: ground-based rain gauges, weather radar, and satellite-based sensors [14,20,21]. Rain gauges remain the most common source of observed precipitation data and are often used as the reference for validation. However, gauges only provide point-scale measurements, which may fail to adequately capture the spatial heterogeneity of rainfall fields, especially in regions with complex topography or sparse observation networks. As a result, numerous studies have examined the effects of gauge density and spatial distribution on streamflow simulations and highlighted their significant impacts [22,23,24], leading to efforts aimed at optimizing gauge network design to reduce representativeness errors. In contrast, radar-derived rainfall estimates are obtained remotely and indirectly, and are therefore subject to uncertainties arising from hardware limitations, signal processing, and retrieval algorithms [25,26]. Previous research has documented that radar rainfall uncertainties, including random errors, systematic biases, and spatiotemporal dependencies, can propagate through hydrological models and exert substantial impacts on simulated streamflow [21,27,28].



For satellite-based precipitation products, given the wide range of precipitation datasets now available, most studies have focused on intercomparison of different products by evaluating their ability to drive hydrological simulations and attempting to identify the most suitable product for specific catchments [10,29,30,31]. Only a limited number of studies have directly investigated the contribution of precipitation product uncertainty to overall streamflow simulation uncertainty and compared it to other sources of uncertainty. Ma et al. (2018) [32] quantified the contributions of input uncertainty from three precipitation products in rainfall–runoff simulations and demonstrated that input uncertainty dominated the total predictive uncertainty in the distributed Coupled Routing and Excess Storage (CREST) model. Whereas for another lumped model, structure uncertainty was the leading source of total uncertainty. Qi et al. (2019) [33] evaluated six high-resolution precipitation products in a small basin in northern China and quantified the contributions of precipitation product and model structure uncertainty to discharge simulations. Their results showed that precipitation input was the dominant source of uncertainty in medium-magnitude flows, whereas for small and large discharges, hydrological models contribute most of the uncertainties. Although these studies provide valuable preliminary insights into the role of precipitation product uncertainty in streamflow simulations, how the precipitation dataset interacts with other uncertainty factors, e.g., model structure and parameter, and contribute to the uncertainty of discharge simulation is still needed further explored. Moreover, these studies mainly focused on discharge simulations under historical conditions. To the best of our knowledge, very few studies have explicitly examined the contribution of global precipitation product uncertainty to discharge prediction under future climate scenarios.



In this paper, the contribution of global precipitation dataset uncertainty to ensemble discharge simulation and projection uncertainty was investigated in the Liujiang catchment, located in southwest China.Three widely used global satellite precipitation products (PERSIANN, IMERG and CHIRPS) and a reanalysis precipitation dataset ERA5 are evaluated in three different hydrological models of different structures for the streamflow simulation and projections. Following the comparison of simulation results driven by different precipitation inputs, an analysis of variance (ANOVA)-based error decomposition framework is applied to quantify the relative contributions of precipitation datasets, model structures, model parameters, climate projections, and their interactions to the total uncertainty during both the historical calibration period and future climate scenarios. This work would enhance our understanding of how precipitation uncertainty propagates through hydrological models to influence ensemble discharge predictions and clarifies the role of global precipitation products as a source of uncertainty in streamflow simulation and projection, particularly in data-scarce or ungauged catchments.




2. Description of Study Site and Datasets


The Liuzhou catchment, located in the middle–upper reaches of the Pearl River Basin, is the second largest tributary of the Xijiang River. It originates from Dushan County, Guizhou Province, with a drainage area of approximately 46,000 km2 (Figure 1). The basin exhibits an overall topographic gradient from high elevations in the northwest to lower elevations in the southeast. The upstream region, except for the river source area, is predominantly characterized by metamorphic rock–dominated gorges with elevations generally exceeding 1000 m. The middle and lower reaches are dominated by karst landforms, with a large proportion of mountainous and hilly terrain, well-developed surface karst features, and extensive underground river networks. The mean elevation ranges from 500 to 1000 m, with cultivated land concentrated in certain areas and a relatively dense population. Overall, karst terrain accounts for approximately 41.14% of the total basin area.



The basin is situated in a typical subtropical monsoon climate zone, with a mean annual temperature of 17–20 °C and annual precipitation ranging from 1200 to 1800 mm. Although the basin receives abundant rainfall, its temporal distribution is highly uneven, with approximately 70% of the annual precipitation occurring between April and September. To simulate the streamflow of Liujiang catchment, this study employed three widely used satellite-based precipitation datasets, CHIRPS, PERSIANN, and IMERG, along with a reanalysis dataset ERA5.



CHIRPS (Climate Hazards Group Infrared Precipitation with Stations) [34] is a quasi-global (50° S–50° N), land-only precipitation product with a high spatial resolution of 0.05°. It used a novel interpolation procedure to blend satellite-derived cold cloud duration rainfall estimates with in situ gauge observations using a two-phase smart interpolation approach. CHIRPS provides daily to monthly precipitation data ranging from 1981 to near-present with relatively low latency (~2 days for preliminary products and ~3 weeks for final products), and low bias, making it particularly useful in data-scarce regions.



PERSIANN (Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks) [35] is a long-term, near-global (60° S–60° N), 0.25° daily precipitation dataset generated using an artificial neural network applied to GridSat-B1 infrared satellite observations. A bias-adjustment procedure using GPCP monthly precipitation ensures temporal consistency and accuracy while retaining fine-scale spatial and temporal variability. This dataset maintains stable algorithm parameters throughout its record, allowing for consistent characterization of both convective and stratiform rainfall.



IMERG (Integrated Multi-satellite Retrievals for GPM) [36] is a NASA product estimating global surface precipitation rates at a high resolution of 0.1° every half-hour beginning 2000 under the GPM mission. It was generated from combining passive microwave (PMW) and infrared data of the GPM constellation satellites and calibrated by gauge analysis of the Global Precipitation Climatology Center (GPCC). The fine spatial and temporal resolution of IMERG data allows them to be accumulated to the scale of the application for increased skill, which can be used for global-scale applications as well as over regions with sparse or no reliable surface observations.



ERA5 [37] is the fifth-generation ECMWF atmospheric reanalysis, spanning 1950 to the present with a spatial resolution of 31 km, 137 vertical levels, and hourly output. It is produced using the IFS Cy41r2 forecast model with a 12 h 4D-Var assimilation system, complemented by a 10-member Ensemble of Data Assimilations to quantify uncertainty. Compared with its predecessor ERA-Interim, ERA5 incorporates higher resolution, more variables, enhanced model physics, and an expanded range of reprocessed satellite and in situ observations.



The differences among these four datasets primarily stem from their different data sources, retrieval algorithms, and processing methodologies. CHIRPS relies mainly on infrared satellite observations blended with gauge data, while IMERG combines multi-satellite microwave and infrared estimates with gauge-based bias correction. PERSIANN estimates precipitation from infrared brightness temperatures via a neural network, followed by a bias-adjustment procedure using GPCP dataset. In contrast, ERA5 derives precipitation fields from a physically consistent numerical weather prediction model assimilating multi-source observations. The four precipitation datasets exhibit distinct temporal and spatial resolutions: CHIRPS (0.05°, daily), PERSIANN (0.25°, daily), IMERG (0.1°, half-hourly), and ERA5 (0.25°, hourly). These differences in resolution, along with variations in data sources (e.g., infrared vs. microwave sensors, gauge correction methods, and model assimilation techniques), represent potential sources of uncertainty in rainfall estimates, particularly in capturing the spatial heterogeneity and intensity distribution of precipitation, especially in complex terrain. For all datasets, the daily precipitation data were downloaded and converted to daily areal averages based on the catchment boundary. These processed data then served as the precipitation input for the hydrological models. Figure 2 presents the annual precipitation of the Liujiang catchment from 2001 to 2009 as estimated by four precipitation datasets. All datasets show the similar interannual variability of precipitation, but with notable differences in magnitude. ERA5 consistently produces the highest estimates throughout the period, and the overestimation is significant from 2001 to 2006. In contrast, CHIRPS and IMERG provide very similar annual precipitation. PERSIANN generally provides the lowest annual precipitation in most years compared to other datasets. These differences highlight the systematic biases among precipitation datasets, which may have important impact on streamflow simulations and projections.




3. Methodology


3.1. Three Different Hydrological Models


Currently, a wide range of hydrological models have been developed and applied for simulating catchment discharge. Given the extensive carbonate rock distribution in the study region and the complex hydrological processes characteristic of karst aquifers, two widely used karst-specific models, varKarst and KarstMod, were selected (Figure 3). In addition, the conceptual HBV model, originally developed for non-karst catchments, was also included to account for structural uncertainty in the ensemble analysis.



The varKarst model [38] is a semi-distributed karst hydrological model that partitions the aquifer into three compartments: the soil layer, the epikarst, and the saturated groundwater zone. The soil layer controls evapotranspiration, infiltration, and saturation overland flow generation when its maximum storage is exceeded. Infiltration and saturation excess water recharges the epikarst linear reservoir and the epikarst then transfers water to the saturated zone through two pathways: concentrated recharge to a conduit reservoir and diffuse recharge to a fissure reservoir. The total simulated discharge is the sum of flows from both reservoirs. A key feature of varKarst is the use of a Pareto function to represent the spatial heterogeneity of soil and epikarst thickness and hydraulic properties, enabling realistic simulation of aquifer heterogeneity. This model has been widely applied to karst spring and catchment studies.



KarstMod is a flexible karst modeling platform [39], with the structure applied here originally proposed by [40]. The model consists of two reservoirs: one for the soil/epikarst zone and another for the saturated zone. The epikarst reservoir receives precipitation input and accounts for evapotranspiration losses. It has two outlets: a fast-flow outlet and a slow recharge outlet to the lower reservoir. Fast flow is modeled using a nonlinear hysteretic function to capture changing hydrological connectivity under different saturation conditions. The simulated discharge is the sum of fast flow from the epikarst reservoir and flow from the saturated reservoir.



The HBV model comprises soil and groundwater routines. The soil routine estimates actual evapotranspiration (AET) and effective recharge. Groundwater is represented by two interconnected tanks, with the upper tank producing overflow when a threshold is exceeded, generating both fast and slow flow components. The combined outflows are routed through a triangular weighting function to produce catchment discharge.



The three selected hydrological models have fundamentally different structural designs and representations of internal hydrological processes, which allows for a comprehensive assessment of model structural uncertainty. For each model, PET is estimated by a simplified Penman-Monteith equation proposed by Huang and Chen (2014) [41], which only needs daily minimum and maximum temperature. These temperature data during the simulation period are calculated from the meteorological stations within the catchment. For all models, the measured daily discharges from 1998 to 2009 were used for model calibration with the first three years of data as the warm-up period to eliminate the uncertainty from the initial conditions.




3.2. Future Climate Projections


To quantitatively assess the contribution of precipitation data uncertainty to the overall uncertainty in future discharge predictions, four sets of climate projections from the CORDEX–East Asia initiative (GERICS-MPI, GERICS-NCC, ICTP-MPI, and ICTP-NCC) were selected to represent the uncertainty from climate model projections. These datasets are generated by different institutions using distinct driving global climate models, thereby capturing the combined effects of institutional and model-related differences on future precipitation and temperature estimates. In this paper, the daily precipitation and temperature data under the RCP8.5 gas emission scenario from 2030 to 2059 were used to drive hydrological models for future discharge simulation and uncertainty decomposition.



Figure 4 presents the annual and monthly mean precipitation and temperature of the four climate projections during the future period. For annual precipitation, all products exhibit pronounced interannual variability and noticeable differences in magnitude. ICTP-MPI and ICTP-NCC generally project wetter conditions, whereas GERICS-MPI tends to give the lowest annual precipitation in multiple years. All products show a clear seasonal pattern in monthly precipitation, with peaks during the rainy season from May to August. These wet months also correspond to the period with the largest differences in monthly precipitation among different projections. In June, the largest difference between ICTP-NCC and GERICS-MPI is about 140 mm. Annual mean temperature projections indicate a consistent warming trend across all four products, but with differences in both the rate of increase and the baseline temperature values. GERICS-MPI and GERICS-NCC consistently simulate higher annual mean temperatures compared to ICTP-MPI and ICTP-NCC. For monthly mean temperature, their differences are most apparent during the dry season from November to March, with GERICS-MPI and GERICS-NCC projecting noticeably warmer winter conditions than GERICS-MPI and GERICS-NCC.




3.3. ANOVA Method


The analysis of variance (ANOVA) was applied to quantify the relative contribution of different sources of uncertainty to discharge simulation and prediction [32,42]. In this study, we separately assessed the role of precipitation uncertainty during the calibration period and in future discharge projections. For the calibration period, three major sources of uncertainty were considered: (1) precipitation input (four datasets: CHIRPS, PERSIANN, IMERG, and ERA5); (2) model structural uncertainty (three models: varKarst, KarstMod, and HBV); (3) parameter uncertainty. For the discharge prediction under future climate conditions, the extra climate prediction uncertainty was further included which contains four climate projections (GERICS-MPI, GERICS-NCC, ICTP-MPI, and ICTP-NCC).



Model performance for each combination of factors was evaluated using the Kling–Gupta Efficiency (KGE) as the objective function, which jointly accounts for correlation, variability, and bias between simulated and observed discharge. Parameter uncertainty was addressed using a Monte Carlo sampling approach, in which 100,000 parameter sets were randomly sampled from the feasible range of each model. For each model, only the top 1000 parameter sets ranked by KGE were retained to represent the parameter uncertainty and to predict the discharge in the future projection.



Based on the ANOVA theory, total error variance can be decomposed into the contributions from each factor’s main effect and their interactions. For illustration, considering three factors in the calibration period, total error variance (SST) of discharge simulations can be described as


  S S T = S  S A  + S  S B  + S  S C  +  ∑  S  S  A B C      



(1)




where SSA, SSB and SSC are error contribution of precipitation uncertainty, model structure uncertainty and parameter uncertainty, respectively.    ∑  S  S  A B C       is the total error contribution of their interactions.



Each term in Equation (1) can be estimated as follows.


  S S T =   ∑  i = 1  I     ∑  j = 1  J     ∑  k = 1  K        Y  i , j , k   −  Y  o , o , o      2         



(2)






  S  S A  = J ⋅ K ⋅   ∑  i = 1  I        Y  i , o , o   −  Y  o , o , o      2     



(3)






  S  S B  = I ⋅ K ⋅   ∑  j = 1  J        Y  o , j , o   −  Y  o , o , o      2     
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  S  S C  = I ⋅ J ⋅     ∑  k = 1  K      Y  o , o , k   −  Y  o , o , o        2   



(5)






   ∑  S  S  A B C   = S S T − S  S A  − S  S B  − S  S C     



(6)




where I, J and K represent the number of precipitation datasets, models and parameter sets, respectively. Yo,o,o is the average KGE among all the simulations. The symbol i indicates the average KGE over a particular index. Then, the uncertainty contribution (η) of each factor is calculated by the following equations.


   η  p r e c i p i t a t i o n  2  =    S  S A    S S T    ×  100 %   



(7)






   η  model  2  =    S  S B    S S T    ×  100 %   



(8)






   η  p a r a m e t e r  2  =    S  S C    S S D    ×  100 %   



(9)






   η  interaction  2  =     ∑  S  S  A B C       S S T    ×  100 %   



(10)









4. Results


4.1. Calibration Results of Different Precipitation Products


The calibration performance, evaluated using the objective KGE, of the three hydrological models driven by four precipitation datasets is presented in Figure 5. For each model, the top 1000 parameter realizations were retained to represent parameter uncertainty. The results show that the choice of precipitation dataset has a significant impact on discharge simulations and the same precipitation input can yield markedly different results across different models. For varKarst, IMERG provides the highest median KGE (about 0.77), while PERSIANN and ERA5 give the relatively bad simulation result with median values of KGE below 0.65. KarstMod achieves relatively high performance with IMERG, CHIRPS, and ERA5, but its efficiency drops substantially when driven by PERSIANN. In contrast, HBV exhibits intermediate performance among three models with a relatively smaller discrepancies among rainfall products. ERA5 slightly outperforms IMERG, whereas PERSIANN yields the lowest KGE values. Overall, IMERG delivers the most consistent and reliable performance across all three models, while PERSIANN consistently shows the worst results. The performance of ERA5 varies across different models highlighting the critical role of interactions between precipitation datasets and model structures. These findings underscore the importance of both precipitation dataset selection and model structural choice in achieving good discharge simulations.



Figure 6 compares the average discharge simulations of the three hydrological models driven by four precipitation datasets at both interannual and monthly scales. At the interannual scale, IMERG, CHIRPS, and PERSIANN yield relatively consistent annual streamflow estimates that are close to the observations, whereas ERA5 produces substantially higher discharge during 2001–2006, likely due to its overestimation of annual precipitation compared with the other datasets (Figure 2). At the monthly scale, all products capture the pronounced streamflow seasonality, with peak flows from May to July and low flows during November to February. However, ERA5 systematically overestimates discharge from February to July, while IMERG, CHIRPS, and PERSIANN provide results that are more consistent with the observations. Compared with the calibration results in Figure 5, PERSIANN exhibits relatively low KGE values, indicating that its poor streamflow performance is mainly related to daily scale biases, although its long-term water balance is reasonably reproduced at annual and monthly scales. In contrast, ERA5 achieves relatively high KGE values in KarstMod and HBV (Figure 5), but it consistently overestimates discharge at both interannual and seasonal scales (Figure 6), suggesting that its high KGE is primarily attributable to relatively better reproduction of daily discharge dynamics.




4.2. Uncertainty Analysis in the Calibration Period


The AVOVA method was applied to decompose the contributions of three uncertainty sources (precipitation data, model structure and model parameter) and their interaction to the daily discharge simulations during the calibration period. Among all uncertainty factors, precipitation data provide a major contribution to the total uncertainty, particularly in the early wet period when streamflow begins to rise slowly. During this period, the uncertainty contribution from precipitation data often exceeds 60% and can even surpass 80% at certain times. The low impact of precipitation data on the discharge uncertainty mainly happens in the low discharge period. whereas for the uncertainty from the model structure, it has a higher contribution mainly in high-flow periods and its proportion can hardly exceed 50%. In most periods, the uncertainty contribution from model structure is always smaller than that from precipitation data with only exception for some small daily discharge period. In contrast, the model parameter always plays only a minor role in the discharge uncertainty, generally accounting for less than 5% of the total uncertainty, with slightly higher contributions (up to about 10%) during low-flow conditions. Compared to their individual uncertainty contributions, their interactions give a pronounced contribution to the total uncertainty during low-flow period, exceeding 60% in some low discharges. Whereas for other times, the contribution from the interaction remains below 40%. Figure 7b further illustrates how the uncertainty contribution from different factors varies with discharge. As discharge increases, the contribution of precipitation data and model structure to the total uncertainty rises, while the uncertainty contribution of interactions gradually declines. Parameter uncertainty remains consistently small across all flow ranges. At very low flows (below the 25th quantile), interactions dominate the total uncertainty, accounting for more than 50% of the variance. Precipitation data gradually become the dominant uncertainty source with the increase in discharge and its contribution consistently outweighs model structure.



Figure 8 summarizes the monthly contributions of different uncertainty sources to discharge simulations during the calibration period. The results are consistent with the previous analysis. Precipitation data contribute most uncertainties of the simulated discharge during the transition from dry to wet months (February–June), with its maximum contribution reaching about 60% in April when runoff begins to rise rapidly. As streamflow decreases toward the dry months, the contribution of precipitation data gradually declines and reaches its minimum in low-flow months. In contrast, the contribution of interactions among uncertainty sources becomes most pronounced in dry months, exceeding 50% in October, whereas their influence is lowest in wet months. The effect of model structure is more evident during high-flow months, yet its uncertainty contribution remains much lower than that of parameter data. The precipitation data and model structure only show similar contributions in October. Model parameter uncertainty remains negligible throughout all months, always below 5%, with slightly higher values during dry months than in wet months. The dominance of precipitation uncertainty during the rising limb and high-flow periods can be attributed to the high sensitivity of runoff generation to rainfall intensity and spatial distribution during these phases. In contrast, during low-flow periods, streamflow is primarily governed by slower groundwater discharge and basin storage release processes, which are more strongly influenced by the complex interactions between model structures and parameters, hence the larger contribution from interaction uncertainty.



Overall, these results indicate that precipitation data dominate the simulation uncertainty during the discharge rising and wet-flow periods, whereas interactions are the primary source of uncertainty under low-flow conditions. Model structure exerts a secondary but less pronounced influence, while model parameters consistently contribute only marginally to the overall discharge uncertainty.




4.3. Uncertainty Analysis in the Future Period


Figure 9 presents the average prediction results of the three hydrological models calibrated with different precipitation datasets under future scenarios. In contrast to the simulation results during the calibration period (Figure 6), the ERA5-calibrated models predict substantially lower annual and monthly discharges than those calibrated with the other datasets, whereas the PERSIANN-calibrated models produce the highest values. The predictions of CHIRPS- and IMERG-calibrated models are relatively close to each other. These prediction differences from ERA5 and PERSIANN calibration models mainly arise from the compensating effect of parameter calibration with respect to precipitation biases. Specifically, among the four precipitation datasets, ERA5 generally has much higher precipitation estimations (Figure 2). To achieve satisfactory calibration performance, ERA5-driven models require parameter adjustments during the calibration to enhance evapotranspiration, thereby reducing effective infiltration to make the simulation closer to the observed streamflow. As a result, ERA5-calibrated models tend to simulate higher evapotranspiration and consequently much lower discharge under the same meteorological conditions compared to the model calibrated by other precipitation datasets. Conversely, PERSIANN underestimates precipitation relative to other precipitation datasets. To compensate, model calibration reduces evapotranspiration through parameter adjustment, which increases effective infiltration and leads to higher predicted discharge. This indicates that although model calibration can improve performance to some extent, it may also cause model parameters to deviate substantially from their true values. Such parameter deviations can in turn lead to significant biases in streamflow predictions under future climate scenarios.



Figure 10 quantifies the sources of uncertainty in future discharge projections (2023–2059) using the ANOVA method. Climate prediction uncertainty dominates for most of the period, generally accounting for more than 50% of the variance and occasionally exceeding 80%, highlighting the critical role of climate projection spread in future streamflow predictions. Interactions among different sources provide the second-largest contribution, with higher fractions at low-flow conditions and smaller contributions at high flows. The influence of precipitation datasets is much weaker than that of climate predictions, typically remaining below 20%. The uncertainty attributable to model structure is even smaller, usually less than 10%, while model parameter uncertainty remains negligible, similar to the calibration period. Figure 10 further illustrates the variation in uncertainty contributions with discharge. As discharge increases, the uncertainty contribution from the climate projection rises steadily, exceeding 80% at the highest quantiles, whereas the relative impact of interactions declines. The variance fraction associated with precipitation data initially increases with discharge but decreases once the discharge quantile exceeds 60%. Structural and parameter uncertainties remain limited across all flow conditions, especially at high flows. Overall, climate predictions govern the majority of discharge prediction uncertainty, particularly at medium to high flows, while the interaction dominates under low-flow conditions. Precipitation datasets exert a tertiary influence which is much larger than model structure. The contribution of model parameters to the total uncertainty is consistently negligible compared to other factors.



The contributions of different uncertainty sources to the total uncertainty of monthly discharge predictions are shown in Figure 11. The results indicates that climate model uncertainty dominates throughout the year, typically accounting for 40–70% of the total variance, with particularly high contributions in the wet months (May–August). Interactions among uncertainty sources also contribute substantially, particularly in the dry months (October–January), when their maximum fraction reaches 40%. The influence of precipitation data is moderate, contributing around 10–20% throughout the year, with relatively higher values in the early wet season (April–June) which is similar to the calibration period. In contrast, the uncertainties associated with hydrological model structure and model parameters remain very small, typically less than 10% in all months.





5. Discussion


Although the selected precipitation datasets have been bias-corrected against ground observations, differences remain due to variations in their input sources or data assimilation techniques. In this study, the four selected precipitation datasets selected also exhibit substantial discrepancies in the Liujiang catchment. When these datasets are applied for hydrological simulations, due to the adaption of parameter calibration for precipitation biases [16,43,44], some datasets have comparable streamflow simulations. However, our results also reveal that model performance differs considerably depending on both the precipitation dataset and the model structure. For example, ERA5-driven simulations perform much better with KarstMod and HBV than with varKarst, indicating that the ability of models to compensate for precipitation biases varies with structural design, which is consistent with the findings of Oudin et al. (2006) [16]. Such differences can be attributed to the representation of hydrological processes; models with more flexible structures may redistribute water fluxes more effectively to mask certain precipitation errors. In contrast, PERSIANN consistently produces poor results across all three models, suggesting that calibration cannot effectively compensate for its errors. Stephens et al. (2022) [18] investigated the types of precipitation errors that hydrological models can address and found that models are less capable of correcting errors in rainfall timing compared to errors in magnitude or variance. Thus, the poor performance of PERSIANN is most likely associated with its inadequate representation of rainfall timing, whereas the discrepancies in ERA5 are primarily attributable to its severe overestimation of rainfall magnitude.



Despite employing hydrological models with markedly different structures and internal process representations (karst-specific and non-karst models), the results indicate that the impact of precipitation dataset to discharge simulation uncertainty still outweighs both model structure and parameter uncertainty. Our finding that precipitation input uncertainty is the dominant source of uncertainty during high-flow periods aligns with Ma et al. (2018) [32] and Qi et al. (2019) [33]. This is mainly due to the substantial differences that remain among available precipitation products. As the primary diver of hydrological models, precipitation errors can directly propagate into runoff simulations, especially the systematic error and its error in rainfall occurrence [45]. Therefore, the large difference among precipitation datasets can inevitably exert a dominant impact on discharge simulation uncertainty. More specifically, the contributions of both precipitation dataset and model structure to discharge uncertainty increase with discharge magnitude, this suggests that high-flow simulations are particularly sensitive to accurate precipitation inputs and appropriate mode structures [15,46,47,48]. In contrast, interaction among different factors dominate the uncertainty of low-flow simulations and the uncertainty contribution from precipitation data is relatively low. This is probably due to the climate characteristic of Liujiang catchment with distinct dry and wet periods. The most low-flow periods generally occur during the dry months when rainfall is scarce and much lower than potential evapotranspiration. Under such conditions, most precipitation is consumed by evapotranspiration before infiltration, leading to limited effective infiltration and rainfall-driven variability in streamflow. Therefore, the streamflow variation is mainly related to catchment storage-release process, which is mainly controlled by the model structure, model parameter and their interaction together, rather than by direct precipitation input. Since model parameters are also closely related to precipitation data, their combined influence further amplifies the role of interactions. As a result, interactions among these factors make the largest contribution to uncertainty in low-flow simulations.



When extending the analysis to future climate scenarios, the results show that climate projection uncertainty overwhelmingly dominates discharge prediction uncertainty except for the low-flow periods. This finding is consistent with previous studies [49,50,51,52] which shows the larger uncertainty source from climate projections in the discharge prediction. The large spread among climate projections can be attributed to differences in climate model structures, internal climate variability, and regional downscaling methods [53]. Nevertheless, the precipitation dataset remains the important source of uncertainty which is much larger than the model structure and parameter. Importantly, the results also indicate that the calibration-induced parameter bias can further exacerbate predictive spread across datasets. For instance, ERA5 tends to overestimate rainfall relative to observations, which forces calibration to increase evapotranspiration-related parameters to match observed streamflow. As a consequence, in future projections, ERA5-driven models simulate much higher evapotranspiration and significantly lower discharge compared to models calibrated with other precipitation datasets. This suggests that while model adaptation to precipitation errors can enhance simulation performance during calibration, the calibrated parameters may deviate substantially from their true values [16,54], potentially amplifying biases in discharge predictions under future climate conditions. These findings underscore the critical need to account for calibration-induced parameter distortions when using reanalysis or satellite rainfall products in climate impact assessments. In addition, the interaction also gives important contributions to the total discharge projection uncertainty particularly in the low-flow period because of the climate characteristic of the study catchment and the complex interplay among precipitation input, model structure, and parameterization.



This study also has several limitations that need to be further consideration. First, in this paper, we only adopted lumped hydrological models to simulate catchment discharge without explicitly accounting for the spatial heterogeneity of precipitation inputs. In reality, different precipitation datasets not only differ in mean catchment rainfall but may also exhibit substantial differences in spatial variability, which may amplify discrepancies in simulated streamflow. Therefore, the contribution of precipitation input uncertainty to discharge simulations may be partly underestimated in this study. Second, besides precipitation, PET as another key model input also carries considerable uncertainties arising from both meteorological data and estimation methods [55,56]. Moreover, previous studies have indicated a compensatory relationship between precipitation and PET in streamflow simulations [19]. Future research could further incorporate PET uncertainty into the analysis to achieve a more accurate assessment of the sources of discharge simulation uncertainty.




6. Conclusions


Global precipitation datasets, such as satellite-based products and reanalysis data, are widely used in hydrological simulations. However, different datasets often exhibit substantial discrepancies, which in turn introduce large uncertainties into discharge simulations. In this study, three widely used satellite precipitation products (CHIRPS, PERSIANN, and IMERG) and one reanalysis dataset (ERA5) were employed to simulate streamflow in the Liujiang catchment. To account for structural uncertainty, three hydrological models with distinct internal structures and process representations were applied. Using the ANOVA method, we quantified the contributions of precipitation input uncertainty to streamflow simulations and projections, and compared them with uncertainties from model structure, model parameters, and climate projections. The results revealed significant differences among the four precipitation datasets and demonstrated that streamflow simulations were strongly influenced by both precipitation input and model selection. In some cases, hydrological models were able to partially compensate for precipitation biases, allowing datasets with large discrepancies to yield similar or even improved discharge simulations. During calibration, precipitation uncertainty contributed over 60% of total variance in rising limb periods, far exceeding model structure (<20%) and parameter (<5%) effects. Under future scenarios, while climate projections dominated (50–80%), precipitation datasets consistently accounted for 15–25% of uncertainty across flow conditions, significantly larger than structural uncertainties (<10%). Overall, this study highlights the critical and persistent role of global precipitation product uncertainty in hydrological simulations and climate change projections. The methodological framework developed here provides a robust approach for quantifying uncertainty contributions across different hydrological regimes and future scenarios. Our findings have direct implications for water resources management and climate adaptation planning. They emphasize the necessity of using ensemble approaches that incorporate multiple precipitation products in hydrological forecasting and impact studies, particularly in data-scarce regions reliant on global datasets. This is crucial for improving the reliability of flood risk assessments and water security projections under climate change. Future work should further integrate uncertainty from potential evapotranspiration (PET) estimates into the overall uncertainty budget. A comprehensive assessment that concurrently considers uncertainties from both precipitation and PET inputs is crucial for a more complete and realistic quantification of total uncertainty in hydrological projections.
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Figure 1. Location of Liujiang catchment. 
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Figure 2. Annual precipitation comparison of different precipitation products from 2001 to 2009. 
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Figure 3. Structures of three karst hydrological models. 
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Figure 4. Variations in annual and average monthly precipitation in the future period (2030–2059), (a) Annual precipitation, (b) Monthly mean precipitation, (c) Annual mean temperature, (d) Monthly mean temperature. 
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Figure 5. Calibration results of three hydrological models driven by different precipitation datasets. 






Figure 5. Calibration results of three hydrological models driven by different precipitation datasets.



[image: Atmosphere 16 01260 g005]







[image: Atmosphere 16 01260 g006] 





Figure 6. Average simulation results of three different models driven by each precipitation data: (a) annual discharge; (b) monthly discharge. 
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Figure 7. Contributions of uncertainty sources to (a) daily discharges and (b) discharge quantiles based on daily observations. 
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Figure 8. Contributions of different uncertainty sources to discharge simulations at the monthly scale during the calibration period. 
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Figure 9. Average discharge predictions of the three hydrological models calibrated with different precipitation datasets under future scenarios (2023–2059): (a) annual discharge and (b) monthly mean discharge. 
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Figure 10. Source analysis of discharge prediction uncertainty under the future scenarios. 
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Figure 11. Contributions of different uncertainty sources to discharge prediction at the monthly scale under the future scenarios. 
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