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Abstract Climate change and intensifying human activities are placing unprecedented pressure on China's
water resources, necessitating high‐resolution, naturalized streamflow records for effective management. We
develop a 1‐km gridded fully coupled land‐surface‐hydrologic‐hydrodynamic modeling system for China based
on the CLHMSv2.0 model. To refine grid‐level runoff simulations, we propose a machine learning based grid‐
scale calibration approach using observed streamflow and climatic and physiographic attributes from thousands
of Chinese catchments. To represent China's complex river‐lake networks at fine scales, we introduce an
optimized hybrid 1D/2D diffusion wave scheme to resolve backwater effects and bidirectional exchanges
between rivers and lakes. The modeling system is extensively validated at daily and monthly scales against
1,225 flow gauges and 5 lake water level gauges across the nation. Streamflow evaluations show that the median
daily (monthly) Nash‐Sutcliffe efficiency is 0.57 (0.77) and the daily (monthly) Kling‐Gupta Efficiency is 0.65
(0.73); water level simulations for major freshwater lakes are also satisfactory, with correlation coefficients
mostly above 0.80. Applying the system over 1962–2024, we generate the national 1‐km gridded daily natural
streamflow estimates named CHASE v1.0, which is conditionally available at https://hydrodata.cn/chase.

1. Introduction
Among all the countries globally, China's monsoon climate, steep terrain and dam cascade development jointly
generate one of the highest spatiotemporal variabilities of runoff (Liu et al., 2020; Xu et al., 2023). Given that
anthropogenic regulation has altered a majority of the nation's river system (Han et al., 2024; Wang et al., 2025),
observation‐based records are increasingly non‐stationary and no longer reflect the natural water cycle. High‐
resolution naturalized streamflow data are therefore urgently required for water related studies and sustainable
water resources management (Chen et al., 2016; Vörösmarty et al., 2010; Wada et al., 2017).

Over the past decade, several modeling paradigms have emerged to reconstruct natural streamflow at continental‐
to‐global scales. One prominent paradigm couples a gridded or sub‐catchment runoff generator with a vectorized
river‐network routing module. For instance, Lin et al. (2019) combined runoff from VIC model (Liang
et al., 1994) with the RAPIDMuskingum routing model to estimate daily discharge for 2.94 million river reaches.
Miao et al. (2022) and Ghimire et al. (2023) used the VIC model coupled with routing models to reconstruct flow
records over China and CONUS, respectively. Feng et al. (2022, 2024) and Song et al. (2025) developed the
differentiable δHBV and δHBV2.0 models to simulate runoff generation and flow routing with unit‐hydrograph
and Muskingum schemes at global and CONUS scales. Akpoti et al. (2024) coupled the VegET agro‐hydrologic
model with the mizuRoute routing model (Mizukami et al., 2016, 2021) to produce the daily streamflow product
for Africa. More recently, Yang et al. (2025) introduced a Grid‐LSTM‐RAPID system to generate the GRADES‐
hydroDL data set. These frameworks achieve computational efficiency by decoupling runoff generation from
channel routing, and they also allow the coupling of vectorized routing models that often represent channels more
precisely (Alfieri et al., 2020; David et al., 2011). In recent years, such couplings have been increasingly sup-
ported by interface standards and coupling frameworks, such as the CSDMS Basic Model Interface (BMI) and
GLOFRIM (Hoch et al., 2017; Hutton et al., 2020; Peckham et al., 2013).
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Another major paradigm employs fully distributed, grid‐based hydrologic models that solve water budgets and
routing equations for each grid cell in an integrated way. Operational examples include the Global Flood
Awareness System (GloFAS), which uses the grid‐based LISFLOOD hydrological model for global ensemble
flood forecasting (Alfieri et al., 2013, 2020; Hirpa et al., 2018), and global hydrological models such as PCR‐
GLOBWB, H08, and WaterGAP (Hanasaki et al., 2022; Hoch et al., 2023; Müller Schmied et al., 2014,
2021). Regional or continental‐scale implementations include high‐resolution PCR‐GLOBWB over Europe (van
Jaarsveld et al., 2025), LISFLOOD over Europe (Tilloy et al., 2025), and ParFlow‐CLM over Europe and North
America (Orth et al., 2016; O’Neill et al., 2021). A potential limitation of this paradigm is that a precise river
network representation requires fine spatial discretization, which makes large‐domain simulations computa-
tionally expensive (Hoch et al., 2023; van Jaarsveld et al., 2025; Shrestha et al., 2025). Despite that, this paradigm
can provide a more integrated and physically consistent framework and has the potential for simulating processes
such as rapid river‐groundwater exchanges and floodplain dynamics, which are critical in China's widespread
karst terrains and river‐lake systems.

Beyond structural design, accurate parameter estimation is another research hotspot in large‐scale hydrologic
modeling. One common estimation approach is to calibrate sensitive parameters at gauged basins and then
extrapolate to ungauged areas via distance‐based, similarity‐based, or multi‐scale regionalization schemes.
Distance‐based schemes rely on geographic proximity (Oudin et al., 2008); similarity‐based approaches cluster
donor catchments using attributes such as aridity index, slope, or soil texture (Beck et al., 2016); while multi‐scale
schemes establish parameter‐attribute relationships via transfer functions (Gou et al., 2020; Samaniego
et al., 2010). Recently, the Large‐Sample Emulator (LSE) was introduced as a novel calibration framework that
jointly trains an emulator across a diverse collection of basins to optimize and regionalize parameters for process‐
based hydrological models, demonstrating effective prediction in ungauged basins (Farahani et al., 2025; Tang
et al., 2025). Alternatively, spatially continuous hydrological products provide an emerging basis for grid‐level
calibration (Lin et al., 2019; L. Yang et al., 2021, Y. Yang et al., 2021). For example, utilizing gridded runoff
curve number, SMAP soil moisture, GRACE terrestrial water storage, or GLEAM evapotranspiration has been
shown to help constrain model parameters (Hong et al., 2007; López et al., 2017; Mei et al., 2023; Niu et al., 2020;
Rajib et al., 2018). For example, Xie et al. (2021) demonstrated that jointly using runoff and evaporation products
can reduce distributed parameter uncertainty in the VIC model. These studies highlight the promise of grid‐based
calibration using spatially continuous signatures for reducing parameter uncertainties in large‐domain simula-
tions, which is particularly relevant for a country as vast and hydrologically diverse as China.

Despite such advances, global models and global signature products remain poorly constrained across China. Due
to limited accessibility of Chinese gauge data in public repositories, global models such as GloFAS, PCR‐
GLOBWB, WaterGAP, H08, GRADES and δHBV incorporate very few Chinese gauges for calibration (Har-
rigan et al., 2020; L. Yang et al., 2021, 2021, 2025). Likewise, large‐scale runoff reconstruction products, such as
Global RUNoff reconstruction (GRUN; Ghiggi et al., 2019), Linear Optimal Runoff Aggregate (LORA; Hobeichi
et al., 2019), and FLO1K (Barbarossa et al., 2018), and signature products such as Global Streamflow Charac-
teristics Data set (GSCD; Beck et al., 2015), are mostly trained on a handful of Chinese stations, which could limit
their ability to capture the rainfall‐runoff non‐linearity induced by China's complex terrain and the distinct East
Asian monsoon. To date, Gou et al. (2021) and Miao et al. (2022) remain two of the few national‐scale modeling
efforts that use more than a hundred gauges (200–300 gauges) for parameter calibration and regionalization,
which provides valuable data sources for China's hydrologic studies.

To address these deficiencies, we develop a 1‐km gridded national land‐surface‐hydrologic‐hydrodynamic
modeling system based on the Coupled Land surface‐Hydrologic Model System Version 2.0 (CLHMSv2.0)
model that is specifically tailored for China. To refine runoff simulations at grid scales, 1‐km gridded natural
runoff‐depth and baseflow index maps of China are generated for model calibration by training machine learning
models on observed streamflow and climatic and physiographic attributes from thousands of Chinese catchments.
Additionally, a hybrid 1D/2D diffusion wave solver is introduced to depict China's complex river‐lake systems
under 2D hydrodynamic conditions, such as those in the lower Huai, Yangtze, and Tarim river basins. The
modeling system is then extensively validated against 1,225 flow gauges and 5 lake water level gauges across the
nation, and is finally applied over 1962–2024 to generate the 1‐km gridded daily natural streamflow estimates.

Water Resources Research 10.1029/2025WR042606

DONG ET AL. 2 of 24

 19447973, 2026, 6, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
042606 by K

arlsruher Institut Fur T
echnologie, W

iley O
nline L

ibrary on [18/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



2. Model Development and Implementation
China's river system is among the most extensive and hydrologically diverse worldwide. Major basins include the
Yangtze, Yellow, Pearl, Huai, Hai, Songhua, and Liao, each characterized by distinct hydroclimatic regimes (Guo
et al., 2023; Ma et al., 2022). In particular, river‐lake systems such as Dongting and Poyang (An et al., 2022)
introduce strong surface‐groundwater coupling, floodplain retention, and backwater effects.

To depict the complex hydrologic regimes of China, we adopted the fully distributed, grid‐based modeling di-
agram at 1‐km resolution based on the CLHMSv2 model. A gridded framework ensures process consistency and
spatial fidelity by integrating water/energy states and fluxes such as runoff generation, soil‐groundwater ex-
change, channel routing, and lake/floodplain storage on a single, physically consistent mesh. These advantages
are particularly relevant in China, where shallow water tables and karst landscapes lead to highly localized
groundwater fluxes, and where river‐lake systems exhibit distributed storage and strong backwater effects. Built
on this consideration, in the following sections we introduce the implementation of a 1‐km gridded national land‐
surface‐hydrologic‐hydrodynamic modeling system based on the CLHMSv2 model.

2.1. Model Structure and Its Modifications

The CLHMS (Dong et al., 2022, 2023; Hao et al., 2024) is a fully coupled model that integrates a land surface
scheme (LSX) with a physically based hydrological model (HMS) (Yu et al., 1999, 2006). The coupled archi-
tecture allows full depiction of vegetation‐atmosphere exchanges, soil hydrodynamics, snow and glacier energy
balances, river routing, and groundwater dynamics, thereby providing an integrated framework for land‐
hydrology simulations (Fersch et al., 2013; Wagner et al., 2016). To be specific, LSX simulates vegetation,
soil, snow, and glacier processes, while HMS represents groundwater dynamics and surface routing. The two
components are fully coupled primarily through the exchange flux between the bottom soil layer and the
groundwater layer computed using the Darcy‐Buckingham equation, as opposed to the free‐drainage bottom
boundary for most traditional land surface models (see Fersch et al., 2013 for more details). All processes are
solved synchronously at each time step to form a fully coupled model architecture, as further illustrated in
Figure 1.

Vegetation processes are resolved through a two‐layer canopy structure consisting of an upper tree layer and a
lower grass layer. Radiative fluxes and turbulent exchanges of momentum, sensible heat, and water vapor be-
tween the canopy and the soil surface are calculated at every time step, including transpiration and precipitation
interception.

Soil is partitioned into six layers over the upper 2.5 m, with prognostic simulation of soil temperature and
moisture (liquid and ice) for each layer. Vertical processes include heat diffusion, unsaturated liquid water
transport, saturated gravitational drainage, local surface runoff, water exchange with groundwater, uptake of soil
moisture by plant roots, and explicit freeze‐thaw dynamics of soil ice.

Snow and glacier dynamics are simulated with an explicit energy‐balance scheme. The scheme enables simu-
lation of snowfall accumulation, compaction, melt infiltration, refreezing, and retention of liquid water. The
glacier is treated as a single thermodynamically active layer, with its mass balance updated each time step by
solving the surface energy budget.

Groundwater dynamics are represented by an explicit single‐layer groundwater module, which captures the
groundwater level and lateral flow flux using 2D Boussinesq equation. The groundwater module allows bi‐
directional vertical recharge and discharge with rivers/lakes, driven by the head difference between ground-
water and surface water levels, which is resolved through the diffusion wave routing process.

In the original implementations of the model, river routing is solved using diffusion wave equations with the
Gauss‐Seidel iteration method, which are efficient for coarse resolutions (10–50 km) but computationally un-
affordable for kilometer‐scale domains. To solve the diffusion wave equations on the 1D river channels and 2D
river‐lake systems simultaneously at a national 1‐km scale, in this study, we replaced the legacy iteration method
by a mixed implicit strategy that couples (a) a local, Jacobi‐type iterative implicit update in 1D subsystems with
(b) a global sparse Krylov solver on selected 2D subsystems. Using OpenMP parallelization, the full national 1‐
kmmodel takes∼2 hr to simulate 1 year of runtime on a single‐node cluster with 96 CPU cores, which is about 10
times faster than the previous implementation.
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For 1D subsystems, the new water level of a grid cell in a fully implicit step depends on neighbors via nonlinear
Manning fluxes, which leads to a large coupled system. Here, we introduce the diagonal‐implicit update as a local
implicit method (Anderson et al., 1996), which freezes neighbor values and linearizes each flux as a coefficient
times the head difference. This method leaves a single unknown per cell, and a few iterations over the grid can
yield a stable approximation to the implicit solution without assembling or factoring large matrices. This Jacobi‐
type iteration is suitable for shared‐memory vectorization due to its strictly local data access.

Figure 1. Overall workflow of this study, including the calibration procedure and the CLHMSv2 model parameters and
structure.
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For 2D subsystems, we form a linearized diffusion wave equation for the local patch, which is stored in a
compressed sparse form. This system is solved with a Krylov method of preconditioned conjugate gradient (PCG)
plus simple diagonal scaling (Van der Vorst, 2003). PCG solvers work well because they use only sparse matrix‐
vector multiplies and basic vector operations, so they handle large blocks with much lower memory and
bandwidth.

By leveraging the above solvers, we partitioned the entire routing domain into 1D river subsystems and selected
2D river‐lake subsystems. Here, the 2D river‐lake subsystems are defined for China's largest freshwater lakes that
are embedded within river networks, where the 2D diffusive‐wave scheme is used to represent backwater effects
and bidirectional lake‐river exchanges. The 2D domains can also be expanded to include floodplains or wetlands
if specified, and the 1D diffusive‐wave scheme is applied elsewhere along the river network. Overland flow
routing is not activated because the model runs at 1 km2 grid cell on a daily scale, and localized runoff is assumed
to reach the channel well within 1 day. An additional hillslope overland flow routing solver would therefore add
complexity with limited benefit for the intended purpose of daily streamflow reconstruction.

2.2. Model Inputs

To drive the model, we compile a consistent input data set spanning meteorology, soils‐aquifer properties, hy-
drography, and vegetation.

Meteorological forcings. Daily precipitation is taken from CHM_PREV2, a 0.1◦ product generated by merging
3,746 gauges with 11 precipitation‐related covariates through a LightGBM‐based scheme (Hu et al., 2025).
Model also requires air temperature, solar radiation, specific humidity, air pressure, and wind speed, which are
derived from ERA5‐Land reanalysis at 0.1◦resolution (Muñoz‐Sabater et al., 2021).

Soil and Aquifer Properties. Soil physical attributes such as clay and sand fractions are derived from the
Harmonized World Soil Database (HWSD v1.2) at 1‐km resolution (Wieder, 2014). Groundwater parameters,
including aquifer thickness and specific yield, are taken from the China National Geological Survey data set
(MGMR, 1990) and subsequent refinements by Yang et al. (2010).

River Network, Lake, and Hydrographic Basins. River network, flow directions, and catchment boundaries are
derived from the MERIT Hydro data set (Yamazaki et al., 2019), with manual corrections applied. While MERIT
Hydro is generally accurate, we found a few local mismatches mainly at small tributary junctions and short reach
connections, and we manually corrected a small number of these cases. Lake extents were extracted from
HydroLAKES (Messager et al., 2016). To better represent lake bathymetry at 1‐km, we lowered the DEM
elevation within each mapped lake extent using lake terrain offsets relative to the surrounding land, based on lake
terrain information provided by local water authorities.

Land Cover. Land‐cover classification is based on the AVHRR 1‐km Global Land Cover Characterization
(GLCC) data set (Loveland et al., 2000), which provides consistent vegetation type distribution across China.

All gridded inputs are processed onto a national 1‐km grid in a Lambert azimuthal equal‐area (LAEA) projection.
For climate forcing and soil and aquifer properties, we use bilinear interpolation. At coastlines and domain
boundaries where a target cell has fewer valid surrounding coarse‐grid cells, the nearest available valid coarse‐
grid value is filled. For land use, we use nearest‐neighbor resampling. For flow directions and DEM, we upscale
from the fine grid by retaining the value at the location of maximum flow accumulation within each 1‐km cell to
preserve major river information.

3. A Machine Learning Based Calibration Framework at Grid Scale
3.1. Overall Workflow

Traditional calibration adjusts model parameters within each basin to a single set of spatially uniform values that
best reproduces outlet streamflow. This approach overlooks within‐basin spatial heterogeneity and can lead to
artificial discontinuities in parameters across neighboring basins. Here we propose a grid‐based calibration
framework that produces spatially consistent national parameter fields. Using 1,056 medium‐to‐small sized
basins with at least 5 years of flow observations during 1962–1979, we first calculate two basin signatures,
namely annual runoff depth and baseflow index. For each signature, we train four machine‐learning regression
models (RF, GBDT, SVR, and KNN) to relate the signature to basin attributes describing climate, topography,
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soils, and vegetation. We then apply the best regression model out of these four models to national 1‐km gridded
attributes to generate 1‐km gridded runoff‐depth and baseflow index maps. Then, the runoff‐depth map is used to
calibrate the CLHMS runoff‐generation parameter dcor at 1‐km grid scale, and the baseflow index map is used to
calibrate the CLHMS baseflow parameter C at 1‐km grid scale. Routing‐related CLHMS parameter rough is
calibrated at the basin scale using flow data from all 1,225 river flow gauges and transferred using physically
based similarity regionalization (PSR). Details of parameters dcor and C can be found in Section 3.4. The
resulting parameter fields drive the coupled CLHMSv2 model, and simulated streamflow is evaluated against
gauge observations. Finally, with climate forcing for 1962–2024 as inputs, the model generates the long‐term
naturalized flow records for China, named CHinA grid‐level natural Streamflow Estimates Version 1.0
(CHASE v1.0). The full workflow is summarized in Figure 1.

3.2. Gauge Data

A key prerequisite for producing naturalized streamflow is to ensure that the calibration and evaluation data are
minimally affected by human activities. In China, however, near‐natural flow regimes become increasingly rare
after 1980s because of high population density and extensive hydraulic construction. To reduce these influences,
we restricted streamflow data retrieval to 1962–1979. This choice is consistent with previous assessments
showing that less than 9% of ∼1,700 basins can be classified as near‐natural in the post‐1980 period (L. Yang
et al., 2021, Y. Yang et al., 2021). Our choice also aligns with the state‐of‐the‐art China Natural Runoff Data set
(Gou et al., 2021), which also adopted a pre‐1980 period for model calibration and validation.

Within 1962–1979, we further screened gauges to identify near‐natural basins and periods using two human‐
impact thresholds: (a) an upstream degree of regulation (DOR < 5%) derived from reservoir information in
the national database, and (b) a withdrawal‐to‐flow ratio <10% computed from a gridded water‐withdrawal data
set from our previous work (Dong et al., 2022). Gauges exceeding either threshold were excluded. After
screening, 1,225 flow gauges nationwide were retained. All retained flow gauges have at least 5 years of daily
observations, but do not necessarily share a common set of years, as early records are not always continuous.
Figure 2 summarizes the data length for each flow gauge.

These 1,225 gauges have a catchment area ranging from 14 km2 to 1.8 × 106 km2, in total covering approximately
60% of the national land area and span a wide range of hydrological contexts. The median and mean catchment
areas are 2,200 and 18,050 km2, respectively, and around 15% of gauges have catchment areas less than 500 km2,
which differs from previous national‐scale modeling efforts that focus on larger basins (Dong et al., 2022). The
density of gauges ensures that diverse hydroclimatic regimes are represented in the calibration process. In
contrast, regions without gauge coverage are concentrated in three types of environments: (a) densely populated
plains in the North China Plain where river networks are highly artificial and natural runoff data series do not
exist, (b) sparsely inhabited areas of the endorheic Tibetan Plateau, where no gauges are built, and (c) Gobi
Desert, where perennial rivers are absent (Figure 2).

In addition to flow gauges, we include 5 lake water‐level gauges in the model evaluation (Figure 2), because these
gauges provide in situ water level for assessing whether the model can reproduce backwater effects and bidi-
rectional river‐lake exchanges, which can eventually be used to validate the simulated streamflow in lake‐
influenced reaches. These include water level records from China's largest freshwater lakes, namely, Xingzi
(Poyang Lake, ∼4,000 km2 water area), Chenglingji (Dongting Lake, ∼2,000 km2), Dapukou (Tai Lake,
∼2,500 km2), Huailinzhen (Chao Lake, ∼800 km2) and Jiangba (Hongze Lake, ∼2,500 km2) (see Figure 9 for
locations of these gauges in the lakes).

3.3. Deriving China's Gridded Natural Runoff Depth and Baseflow Index Using Machine Learning

In this section, we employed a machine learning‐based framework to generate a gridded map of China's mean
natural runoff depth and baseflow index at 1‐km resolution. The procedure involved three key steps: (a)
compilation and preprocessing of predictands and predictor variables from these 1,056 medium‐to‐small basins,
(b) model development using four machine learning algorithms, (c) cross‐scale model validation, best model
selection, and grid‐scale prediction.
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3.3.1. Data Preparation

We prepared basin‐scale predictands and predictors for machine‐learning regression of mean runoff depth and
baseflow index using gauged flow data from 1962 to 1979. For each gauged basin, the mean runoff depth was
derived by normalizing long‐term daily streamflow records with catchment area. Baseflow index was computed
as the ratio of mean baseflow depth to mean runoff depth, where mean baseflow depth was separated from long‐
term daily streamflow series using the HYSEP sliding‐interval method (Eckhardt, 2008; Sloto & Crouse, 1996),
because it is simple, reproducible and widely used in large‐sample applications. Given that strong heterogeneity
within very large basins can make basin‐mean predictors less representative and reduce predictability, basins with
drainage areas greater than 15,000 km2 were removed. This 15,000 km2 threshold is pragmatic, as multi‐basin
studies often use an upper area threshold of about 10,000–20,000 km2 (Beck et al., 2015; Winter et al., 2024),
and a systematic sensitivity test is planned in future work. After screening, a total of 1,056 gauges were retained
for machine learning model training and testing. For each gauged basin, we further tested if the observed flow data
length is sufficient to represent the average climatology. Specifically, we compared the basin‐mean precipitation
averaged over the years with available streamflow observations at each gauge with the basin‐mean precipitation
averaged over the full 1962–1979 period. We found that they differ by less than 10% for most basins (Figure S1 in
Supporting Information S1), suggesting that the available streamflow records are generally sufficient to provide
consistent estimates of long‐term mean conditions across gauges.

Figure 2. (a) Distribution of 1,225 streamflow gauges used in this study. Line patches represent three large ungauged zones:
Gobi Desert, endorheic Tibetan Plateau, and artificial river region in the North China Plain. (b) China's major river basins.
(c) China's largest river‐lake systems, where black arrows represent bi‐directional flux between Poyang Lake, Dongting Lake
and the Yangtze River.
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Following Beck et al. (2015) and Yan et al. (2019), nine predictor attributes of each gauged basin were selected
for runoff depth and baseflow index prediction, which were grouped into three categories: (a) climate (mean
precipitation, mean temperature, aridity index, mean specific humidity, mean potential evapotranspiration); (b)
topography (elevation, slope); and (c) soil and vegetation properties (clay fraction, leaf area index) (Rogger
et al., 2017). Climate predictors were derived from CHM_PRE V2 and ERA5‐Land data set as stated in Sec-
tion 2.2, except that the mean potential evapotranspiration is derived from the GLEAM data set. Topography and
soil properties are derived from MERIT Hydro and HWSD. Leaf area index (LAI) is taken from the 5‐year
averaged data (2001–2005) from Global 1‐km Land Surface Parameter Data set (Li et al., 2024), which in-
tegrates multi‐source satellite observations and model inversion to provide high‐resolution data for Earth system
modeling. For each predictor, we first prepared a consistent 1‐km gridded layer, and then aggregated grid values
to basin average values.

To understand the correlations among predictors, we performed a Pearson correlation analysis for each pair of the
basin attributes used in the ML models and found that some pairs are strongly correlated; for example, specific
humidity and precipitation have a PCC of 0.94 (see Figure S2 in Supporting Information S1). However, as
Pearson correlation reflects linear dependence only, a predictor may still contribute incremental information
through non‐linear relationships captured by the ML models.

Figure 3. Scatter plots of RF‐predicted (a) mean annual runoff depth and (b) baseflow index versus observations for all
gauges, and the feature importance.
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3.3.2. Machine Learning Model Development

We compared four machine learning algorithms, that is, Support Vector Regression (SVR), Random Forests (RF),
Gradient Boosted Decision Trees (GBDT), and k‐Nearest Neighbors (KNN). They represent commonly used
regression families in hydrology, with SVR as a kernel‐based method that can capture non‐linear relationships,
RF and GBDT as tree‐based ensemble methods that handle non‐linearity and predictor interactions, and KNN as a
simple non‐parametric baseline based on similarity. These models are aimed to establish statistical relationships
between basin‐averaged annual runoff depth/baseflow index, and the corresponding basin attributes in Section
3.3.1 (Breiman, 2001; De'ath & Fabricius, 2000; Friedman, 2002). We trained two parallel sets of the above four
models: one with mean runoff depth as the target and another with baseflow index as the target.

We train models with the leave‐one‐site‐out (LOSO) cross‐validation approach, where each gauged basin was
excluded in turn as the test set while the model was trained on the remaining gauged basins. Compared with a
single random 70–30 (or 80–20) split, it avoids sensitivity to one particular partition and provides a more stable
estimate of out‐of‐sample performance. With the test gauged basin excluded, hyperparameters were tuned using
randomized search with 30 iterations combined with five‐fold cross‐validation. The search was guided by
minimizing mean squared error, and the best configuration was retained for subsequent evaluation. For RF,
optimized hyperparameters include the number of trees, maximum depth, minimum samples per split and leaf,
and feature selection strategy. In terms of the mean runoff depth, a square root transformation was applied to the
original data prior to training to address its high skewness (Beck et al., 2016). The baseflow index, on the other
hand, generally follows uniform distribution and was used for training in its original form without any additional
preprocessing.

3.3.3. Machine Learning Model Validation, Selection and Prediction

For each of the four algorithms (Section 3.3.2), we quantified predictive performance using the coefficient of
determination (R2) across the gauged basins. For each target (runoff depth and baseflow index), we selected the
best‐performing model out of four according to R2, and used it to produce the 1‐km runoff‐depth and baseflow‐
index maps of China, respectively. First, we prepared national 1‐km maps of the climate, topography, soil, and
vegetation attributes on a common grid, projection, and land mask, so that each 1‐km grid cell has a complete set
of predictor values. We then applied the selected ML model to each grid cell using these 1‐km gridded predictors
to generate runoff depth and baseflow index at each 1‐km grid cell. These 1‐km fields serve as high‐resolution
calibration targets for deriving key model parameters of CLHMS, as described in the next section.

As machine learning models are trained on basin‐aggregated signatures but applied at the grid scale for pre-
dictions, there remains a concern whether this basin‐to‐grid transfer introduces a cross‐scale inconsistency
problem. To examine this, we conducted an additional check by aggregating the predicted 1‐km runoff‐depth field
over each gauge's upstream area and comparing the resulting basin‐mean values with the corresponding obser-
vations (Section 4.2; Figure 4). We also use the basin area‐PBIAS plot as a simple check because in case of a scale
issue, smaller upstream nested basins would tend to show much larger bias than larger downstream basins.

3.4. Calibrating CLHMSv2 Model Parameters at Grid Scales Using the Derived Maps

CLHMSv2 model calibration is focused on three sensitive parameters that strongly influence runoff generation,
groundwater exchange, and flow routing (Dong et al., 2022). The first is the runoff generation parameter dcor in
the land‐surface scheme, which governs the partitioning between infiltration and direct surface runoff and
constrains flood volumes and total runoff depth. The second is the baseflow parameter C, which is introduced as a
multiplicative correction factor that adjusts the effective hydraulic conductivity controlling water exchange be-
tween the bottom soil layer and the groundwater layer. The third is the hydraulic roughness (rough) in the hy-
drodynamic module, which controls rate of flow routing and floodplain retention.

We calibrated the runoff generation parameter dcor directly at 1‐km grid scale using the generated runoff depth
map and baseflow index parameter C using the generated baseflow index map (Section 3.3), with the objective of
minimizing the differences between simulated and mapped mean runoff depth and baseflow index, respectively.
Note that we do not use a single, fixed map for calibration. Instead, for each gauge, we regenerate maps in a leave‐
one‐site‐out (LOSO) manner by excluding that gauge and its upstream gauges from the training set. These LOSO‐
derived maps are then used to calibrate grid parameters for that gauge's catchment. This ensures that no observed
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information leaks into the maps used for its own validation. Glacier and lake grid cells are excluded from cali-
bration and are assigned default values, because catchments with significant lake or glacier coverage are limited,
and applying model to these grid cells could introduce unpredictable errors. This grid‐based calibration provides
two major benefits: (a) it reflects local climatic‐physiographic controls on runoff and baseflow better than basin‐
averaged values, and (b) it avoids the scale mismatch that would otherwise arise from applying lumped pa-
rameters across heterogeneous landscapes.

Due to lack of runoff‐like grid‐based characteristics, rough was calibrated at the basin scale using daily hydro-
graphs from gauged catchments, with the objective of maximizing the Pearson's correlation coefficient (PCC)
between observed and simulated streamflow. PCC is selected as the objective because roughness mainly controls
routing speed and timing. Specifically, we divided the gauge data into calibration and validation periods, using the
first half for calibration and the second half for validation, with calibration carried out in an upstream‐to‐
downstream sequence. Following Beck et al. (2016), the rough parameter was transferred to ungauged areas
via physically based similarity regionalization (PSR) using climate, topography, soil, and vegetation predictors
(Section 3.3.1). In this study, we did not perform an explicit cross‐validation for the PSR, because the approach
has already been systematically evaluated and demonstrated as a reliable method for ungauged basin prediction in
previous global and continental‐scale studies (Bock et al., 2016; Feigl et al., 2022; Pagliero et al., 2019; Song
et al., 2022). Moreover, the ungauged regions in our domain are either densely engineered plains or sparsely
inhabited deserts and endorheic basins, where the flow routing rate is of limited hydrological relevance.

3.5. Evaluation Metrics of Model Performance

We evaluate model skill using Nash‐Sutcliffe efficiency (NSE), Kling‐Gupta efficiency (KGE), Pearson corre-
lation coefficient (PCC), and percentage bias (PBIAS). The KGE used here is the original version that includes
correlation, mean bias, and variability terms (Gupta et al., 2009). NSE and KGE summarize overall agreement
between simulated and observed time series, where higher values indicate better performance and 1 is the optimal
value. NSE < 0 and KGE < − 0.41 implies that simulations are worse than using the observed mean as a predictor
(Knoben et al., 2019). PCCmeasures flow timing and co‐variability, ranging from − 1 to 1, with values closer to 1
indicating stronger agreement. PBIAS quantifies systematic overestimation or underestimation of streamflow
amount, with 0 as the optimal value and positive values indicating overestimation. In addition, to assess peak‐flow
behavior, we report two high‐flow error measures: R1, the relative error in the mean of the top 1% of daily flows,
and R10, the relative error in the mean of the top 10% of daily flows. For both R1 and R10, 0 is the optimal value,
positive values indicate overestimation of high flows, and negative values indicate underestimation. We also
report the median relative error of the annual maximum 3‐day flow in Figure S3 of Supporting Information S1.

Figure 4. (a) Mean basin‐level runoff depths observed from gauges versus those aggregated from grid‐scale RF predictions;
(b) the percentage bias of aggregated mean runoff depth versus basin area, with black curve being the running median.
Scatter colors represent the local concentration of samples estimated by the log‐transformed 2‐D Gaussian kernel density,
with brighter colors indicating denser clusters.
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4. Results
4.1. Evaluation of Machine Learning Models for Runoff and Baseflow Reconstruction

To derive a 1‐km gridded map of runoff depth/baseflow index across China, we first evaluated the performance of
four machine learning models by comparing the simulated runoff depth/baseflow index with observations for
1,056 basins nationwide.

Figure 3a shows the observed runoff depth against those predicted by RF, which achieves the highest coefficient
of determination (R2) of 0.91 among the four models. This is followed closely by Gradient Boosted Decision
Trees (GBDT; R2= 0.90) and Support Vector Regression (SVR) (R2= 0.90); the k‐Nearest Neighbors performed
least effectively (KNN, R2 = 0.89) (not shown). For RF, results with R2 of 0.91 are comparable to prior large‐
sample studies; for example, Beck et al. (2016) used ∼14,000 stations globally to estimate the mean stream-
flow and reported an R2 of 0.87. A spatial evaluation of RF predictions is presented in Figure S4 of Supporting
Information S1. For mean runoff depth, larger biases occur more frequently in semi‐arid northern China, whereas
southern China generally sees less biases with most gauges within ±25%. This spatial pattern is consistent with
the greater intermittency and event‐driven runoff generation in arid and semi‐arid regions, which is harder to
capture using basin‐mean attributes.

We calculate the impurity‐based feature importance to interpret the RF model. Aridity serves as the most
influential (aridity = 0.33), followed by precipitation (prec = 0.25) and specific humidity (q = 0.13). Leaf area
index (lai = 0.12), air temperature (t2m = 0.042), and clay fractions (clay = 0.041) rank moderately, while
topographic variables (slope = 0.04, elev = 0.018) have lower importance. Overall, climate variables (aridity,
precipitation, specific humidity) account for over 60% of importance, affirming their controlling role in runoff
generation across China's diverse hydroclimates.

Figure 3b shows the observed baseflow index against those predicted by RF, which achieves the highest coef-
ficient of determination (R2) of 0.80 among the four models. This is followed closely by Gradient Boosted
Decision Trees, Support Vector Regression, and k‐Nearest Neighbors, with R2 of 0.78–0.79 (not shown).
Spatially, the PBIAS of most gauges fall within ±25%, with |PBIAS| > 25% mainly concentrated in the middle
Yellow River, parts of the Yangtze River Basin, and some southeast coastal basins (Figure S4 in Supporting
Information S1). A possible explanation is that baseflow index can be more sensitive to fine‐scale heterogeneity
in soil texture and subsurface properties (Bloomfield et al., 2009), whereas current available predictor layers at 1‐
km resolution may not fully represent this heterogeneity, resulting in BFI predictions with larger uncertainties. In
terms of the feature importance for RF, aridity serves as the most influential (0.18), followed by elevation (0.18)
and slope (0.13). Leaf area index (0.12), precipitation (0.097), potential evapotranspiration (0.093), specific
humidity (0.089) and air temperature (0.081) rank moderately, while clay fractions (0.044) have lowest impor-
tance. Overall, topographic and vegetation variables (elevation, slope, and LAI) account for over 40% of
importance, suggesting local vegetation and terrain have a strong constraint on the baseflow characteristics.

While the RF model demonstrates strong skills at reproducing basin‐level streamflow characteristics, its grid‐
scale maps are only useful for calibration if basin characteristics can be reliably recovered by spatially

Figure 5. (a) Mean runoff depth (mm/a) and (b) baseflow index estimates (− ) of the RF model generated based on flow data from the period of 1962–1979.
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aggregating grid predictions. To test this, we averaged the 1‐km grid‐cell runoff depths across the upstream area
of each gauge, and compared the resulting basin‐mean values with observations (Figure 4a). The agreement is
comparably high (R2 = 0.88), although with a tendency to underestimate basin‐averaged runoff depth in some of
the wettest basins. This indicates that the grid‐scale predictions can generally preserve basin‐scale runoff depth
when aggregated. We further examined potential scale‐conversion effects by plotting the percentage bias
(PBIAS) of the aggregated runoff depth against basin area (log scale; Figure 4b). The median PBIAS is close to
zero, and more than 80% of basins have |PBIAS| < 25%, consistent with Moriasi et al. (2007) classifying |-
PBIAS| ≤ 25% as satisfactory for water‐balance simulations. Moreover, the running median (black curve) stays
near zero across multiple orders of magnitude in basin area. This weak dependence of PBIAS on basin size
suggests that neither the basin‐to‐grid prediction nor the grid‐to‐basin aggregation introduces a significant scale
bias. Together, these results support the use of RF‐generated grid maps for grid‐scale calibration based on basin‐
scale data.

4.2. China's 1‐km Gridded Runoff Depth and Baseflow Index Map

The two RF models were selected and applied to produce the 1‐km gridded runoff depth and baseflow index maps
generated based on flow data from the period of 1962–1979 (Figure 5), respectively, for their highest R2 among
the four models. The generated runoff map exhibits pronounced spatial distinctions, with high runoff depths
(>1,500 mm/a) in the humid southeastern basins (e.g., Yangtze, Pearl), moderate values (500–1,000 mm/a) in the
central and northeastern regions (e.g., Huai, Songhua), and low depths (<200 mm/a) in arid northwestern areas
(e.g., Tarim, Gobi Desert) and the Tibetan Plateau. These spatial gradients align with China's monsoonal climatic
characteristics, as precipitation declines sharply from the humid southeast toward the arid northwest (Figure S5 in
Supporting Information S1).

The spatial distribution of the baseflow index (BFI; Figure 5b) exhibits substantial variability across China. Areas
with very high BFI values (0.8–1.0) correspond mainly to regions with steep terrain. The Tian Shan Mountains
and the eastern Tibetan Plateau are typical examples, as their rugged terrain and permeable fractures enhance
infiltration and subsurface connectivity, allowing groundwater to sustain river flow even during dry periods.
Similarly, the Southeast Hills across the Southeast China show relatively high BFI values (0.6–0.8). Arid inland
basins, such as the Tarim Basin and Gobi Desert, along with interior Tibetan Plateau, display very low BFI values
(0–0.3). In these regions, scarce precipitation and strong evaporative demand restrict groundwater recharge and
favor rapid surface runoff following rainfall events. Intermediate BFI values (0.4–0.7) dominate the central and
northeastern transition zones, where moderate slopes and mixed climatic conditions yield a more balanced
partitioning between surface and subsurface flow.

4.3. Model Performance of Streamflow Simulations

We evaluate the performance of simulated streamflow for each gauge using metrics of NSE, KGE, PCC, PBIAS,
R1, and R10, and summarize these metrics at daily and monthly scales. Because the model operates at a daily time

Figure 6. The cumulative probability and histogram of daily and monthly (a) NSE, and (b) KGE of simulated streamflow for
all gauges.
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step, the daily evaluation provides the most stringent assessment of model skill; the monthly metrics are reported
as complementary indicators of aggregated bias and variability.

Figure 6 shows cumulative probability and histogram of NSE and KGE for all gauges. In both panels, the monthly
curve is shifted to the right of the daily curve over the entire 0–1 range, which means monthly simulations achieve
higher NSE/KGE at any chosen percentile. Compared to daily curves, the monthly cumulative frequency also
rises more slowly at low NSE/KGE values and much more steeply near the upper tail, indicating fewer low‐skill
gauges and a greater concentration of high‐skill gauges.

Figure 7 presents the spatial distribution of model performance across China. Specifically, the NSE/KGE values
reveal notable temporal and regional variations. On a daily timescale, the median NSE and KGE values are 0.57
and 0.65, respectively, with high‐performance gauges (NSE > 0.5) predominantly clustered in the humid eastern
and southeastern river basins, such as the Yangtze and Pearl River Basins. In contrast, lower NSE values (<0) are
observed in arid northwestern and northeast regions potentially attributable to challenges in simulating intensive
glacier and snowmelt dynamics in cold environments. Gauges with low skills are also observed in the Loess
Plateau regions of the middle Yellow River Basin, possibly due to the unique and complex runoff characteristics
of the loess, which are difficult to accurately capture. In terms of the monthly timescale, the median NSE and
KGE are 0.77 and 0.73, both higher than daily scores. This is an expected result, because temporal aggregation
smooths sub‐monthly timing errors, random forcing errors, and high‐frequency runoff variability, thereby
increasing the correlation and often improving the variability component of KGE (Gebrechorkos et al., 2024; Lin
et al., 2019).

Figure 7. The Nash‐Sutcliffe efficiency (NSE) of simulated streamflow at (a) monthly and (b) daily scales for 1,225
streamflow gauges.
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Figure 8 depicts the distribution of evaluation metrics other than NSE across China, and we analyze these metrics
from a basin point of view. For the Yangtze River Basin, the streamflow skills are generally high. Most gauges
show blue classes (>0.5) for daily KGE and even darker blues (>0.85) for monthly KGE, and PCC is high and
spatially coherent along the middle and lower mainstream and major tributaries. PBIAS is mostly within ±25%
range, suggesting acceptable overall bias according to Moriasi et al. (2007). We also report the variability term α
of KGE in Figure S6 in Supporting Information S1, with α mostly within 0.8–1.2 range, suggesting that the model
generally reproduces the observed flow variability reasonably well. For the extreme‐flood metrics, R1 is occa-
sionally underestimated, whereas R10 is generally within the ±25% range, with sporadic overestimation for the
Yangtze River Basin.

The Pearl River Basin shows some of the strongest skill at the monthly scale, with widespread high KGE and high
PCC. Daily KGE is above 0.5 in general. PBIAS are generally within the ±25 range. As in the Yangtze, R1 is
often negative while R10 is mostly within the ±25% range, implying that the model captures the majority of high
flows but underpredicts the sharpest flood peaks. Likely causes include the daily temporal resolution of pre-
cipitation forcing that damps sub‐daily rainfall peaks, spatial smoothing when interpolating precipitation from the

Figure 8. The (a) daily KGE, (b) monthly KGE, (c) PBIAS, (d) PCC, (e) R10, and (f) R1 of simulated streamflow for all gauges.
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10‐km CHM grid to the 1‐km model grid, and limited flexibility of the runoff parameterization to capture
nonlinear runoff amplification during extreme events.

Performances across the Hai, Huai, and Yellow River Basins become more varied. Daily KGE and PCC are
comparably low in several reaches, especially in the Loess Plateau. PBIAS is sporadically over 25% and even 50%
for some gauges. α is occasionally larger than 1.2 and can reach over 1.5 across these basins, suggesting that the
simulated variability is inflated relative to observations. This points to challenges in representing event runoff
production in semi‐arid and arid basins, which we discuss in detail in Section 5.3. For the extreme‐flood metrics,
R10 is overestimated in some of the gauges, whereas R1 exhibits occasional underestimation across the Hai, Huai,
and Yellow River Basins.

In the Songhua and Liao River basins of Northeast China, daily performance is generally moderate and improves
at the monthly scale. PCC is typically above 0.7, although it is less spatially uniform than in humid southern
China. PBIAS is commonly within ±25% and is often slightly negative. For extreme‐flood metrics, R1 shows a
mild negative bias, whereas R10 is generally within ±25% or mildly positive. Mixed snow‐rain regimes likely
contribute to the relatively lower skill in this region, as uncertainties in precipitation phase and melt timing pose
added challenges for model parameterization.

Northwest interior basins are mostly arid and strongly influenced by glacier and snow dynamics, which show a
wide range of simulation skills. Daily and monthly KGE include more mid/low classes with values less than 0.5,
and monthly KGE yields only modest improvement relative to the daily values. PBIAS are often negative,
suggesting underestimation of mean flow.

Figure 9 depicts the scatter plots of evaluation metrics for gauges versus catchment areas. In general, the NSE
increases with basin size and is higher at the monthly scale. At daily scales, for example, NSE medians rise from
0.52 for basin area <500 km2 to 0.70 for basin area >10,000 km2, and the interquartile range from about 0.28 for
basin area <500 km2 to about 0.31 for basin area >10,000 km2. Monthly averaging lifts performance across all
area classes. Monthly medians increase from 0.72 for basin area <500 km2 to 0.83 for basin area >10,000 km2,
respectively, which is an improvement of ∼0.1–0.2 over the daily medians, with the largest gains in smaller and

Figure 9. The scatter plot of (a) NSE, (b) KGE, (c) PBIAS, (d) PCC, and (e) R1 and R10 of simulated streamflow across the (f) distribution of catchment area. The
colored curve represents running median, and the shaded areas represent the interquartile range.
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mid‐sized basins. The patterns of KGE are similar to those of NSE, but with slightly lower magnitudes for
monthly scales and with slightly higher magnitudes for daily scales. Daily medians rise from 0.58 to 0.74 from the
smallest to largest basins, and monthly medians from 0.66 to 0.80, with monthly values higher across all basin
sizes.

Relative error shows a tendency toward underestimation in basins smaller than 10,000 km2 and a shift toward
overestimation in basins larger than 10,000 km2, while the median bias remains within ±20% across all basin
sizes. Similarly, the interquartile range generally remains stable at 20% across all basin sizes, suggesting there is
no considerable bias scale‐dependency. The PCC improves with the increase of basin size and becomes more
uniform in the largest basins. Specifically, PCC medians move from 0.75 in the smallest basins to 0.86 in the
largest basins.

In terms of the error of extreme flows, the model performance differs between the very largest floods (R1) and the
broader high‐flow condition (R10). Median R1 is negative across most basin sizes, and the median bias changes
from around − 25% in the smallest basins to − 15% in the largest, suggesting larger basins see more accurate
extreme flood simulations. Similarly, median R10 is negative on average in all basin sizes and generally becomes
less biased with basin size, as the median drops from 11% in the smallest basins to − 2% in the largest basins.

4.4. Model Performance of Water Level Simulations

Figure 10 evaluates the model skill over coupled river‐lake systems by presenting two‐dimensional flow fields
and time series of simulated versus in situ lake water levels at representative gauges for Poyang (Xingzi),
Dongting (Chenglingji), Tai (Dapukou), Hongze (Jiangba), and Chao (Hualinzhen) Lakes. The flow maps
reproduce the channelized inflow/outflow, and multi‐directional spreading within water bodies.

Overall, the modeling system can well resolve lake hydrodynamics with strong backwater effects or multidi-
rectional water flux for Poyang, Dongting, Tai, and Chao Lakes. At Poyang Lake (Xingzi) and Dongting Lake
(Chenglingji), the model exhibits high PCC (0.98), NSE (0.96), and KGE (0.96) of water level, suggesting the
model can well capture seasonal amplitude and interannual variability of lake levels. This result indicates that the
rapidly changing bi‐directional flux between Yangtze mainstream channels and the Poyang and Dongting Lakes
is well resolved. For Tai Lake (Dapukou) and Chao Lake (Hualinzhen), the model accuracy of lake water level is
also satisfactory (PCC = 0.83–0.87; NSE = 0.57–0.73; KGE = 0.46–0.66). The seasonal cycle is generally well
reproduced, though several peaks are underestimated and water level recessions show small phase lags. A source
of errors is likely due to human interventions in the lakeside metropolises of Suzhou (Tai Lake) and Hefei City
(Chao Lake). On the contrary, Hongze Lake (Jiangba) shows low accuracies (PCC = 0.30; NSE < 0;
KGE= 0.07), as the simulations overreact to short‐term variability and misrepresent multiple peaks. We attribute
this degradation primarily to anthropogenic regulation, for example, reservoirs, sluices, and pumps built on the
lake since early 1950s, and during the validation period the hydraulic dynamics has been strongly modulated.

5. Discussion
5.1. Derivation and Applications of Grid‐Scale Hydrologic Signatures

An effective calibration approach of distributed hydrologic models in continental applications is to perform
parameter tuning at gauge levels in a lumped way (i.e., a single parameter set applied to all cells upstream of a
gauge), followed by regionalization to ungauged areas (Bock et al., 2016; Feigl et al., 2022; Pagliero et al., 2019;
Samaniego et al., 2010). More recently, the Large‐Sample Emulator (LSE) provides a scalable pathway to jointly
calibrate and regionalize process‐based land‐hydrology models and has shown consistent runoff improvements
(Farahani et al., 2025; Tang et al., 2025). Differentiable modeling has also been developed to estimate hydrologic
model parameters with gradient‐based optimization (Song et al., 2022). Here we explore a complementary path to
leverage spatial parameter constraints available from modern data sets, as recent studies have advocated incor-
porating spatially continuous signatures (soil moisture, ET, TWS, flow characteristics) into calibration to improve
parameter tuning and reduce equifinality (Lin et al., 2019; López et al., 2017; Mei et al., 2023; Rajib et al., 2018;
Xie et al., 2021).

Built on this idea, our approach follows the general logic of prior global efforts that learn basin‐level attribute‐
signature relationships and then apply them at grid scales to produce gridded signature maps (Beck et al., 2015). A
key question, however, is whether relationships learned at basin scale can transfer coherently to grid scale without
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Figure 10. Simulated mean 2D flow fields across the river‐lake systems of (a) Poyang Lake, (b) Dongting Lake, (c) Tai Lake, (d) Hongze Lake, and (e) Chao Lake; and
the simulated monthly lake water level versus in situ observations at Xingzi, Chenglingji, Dapukou, Jiangba, and Hualinzhen gauges over the same period.
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a scale issue, and vice versa. We investigated this cross‐scale consistency in multiple ways. First, Figure 4
validates the gridded signature maps after aggregation back to basin scale: when we average grid‐cell runoff
depths over each gauge basin, the resulting basin means closely match observations (R2 = 0.90), indicating that
the grid‐scale products preserve basin‐level magnitudes. Moreover, the weak dependence of PBIAS on basin size
suggests that neither the basin‐to‐grid prediction nor the grid‐to‐basin aggregation introduces a systematic scale
issue. To further investigate the equifinality in our streamflow simulations, we plot the PBIAS at 1,225 gauges
versus catchment area as an independent cross‐scale indicator. We hypothesize that equifinality in the 1‐km maps
will be evident if smaller upstream sub‐basins consistently exhibit larger PBIAS values than larger downstream
basins in our simulations. We do not observe such a pattern, suggesting that upstream and downstream perfor-
mance is broadly consistent and that cross‐scale equifinality has negligible impacts on the conclusions in our
current study. A fully quantitative 1‐km equifinality assessment, however, remains challenging due to the lack of
1‐km in situ observations for the mapped hydrologic signatures.

Large‐sample studies have shown that a small set of climatic and physiographic attributes can explain a sub-
stantial fraction of the spatial variability in streamflow signatures such as mean runoff, baseflow index, and flow
quantiles (Beck et al., 2015; Gudmundsson & Seneviratne, 2015; Hobeichi et al., 2019; Povak et al., 2014). In
consistent with these studies, our machine‐learning reconstruction indicates that climate variables account for
more than 60% of the predictive importance for runoff depth, whereas terrain and vegetation together account for
more than 40% of the importance for BFI (Section 4.1; Figure 3). The dominance of climate controls matches
hydrologic understanding that the mean runoff magnitude is primarily constrained by water and energy avail-
ability across China's hydroclimatic gradients. For baseflow index, the shift in importance toward elevation, slope
and LAI is also explainable, as topography and vegetation can influence subsurface storage, drainage efficiency,
and the partitioning between quick flow and groundwater runoff (Price, 2011).

5.2. Comparison With the State‐Of‐The‐Art Natural Runoff Data Set CNRD v1.0

We conducted a quantitative evaluation of CHASE versus China Natural Runoff Data set (CNRD) against the
same gauge observations at the monthly scale. CNRD v1.0 (Gou et al., 2021) provides 0.25◦ gridded monthly
natural runoff for 1961–2018 produced with the VIC v4.2 model and calibrated against 200 natural or near‐natural
catchments. This product represents the state‐of‐the‐art for China's national‐scale applications, and has been
widely used in China's hydrologic studies (Zhan et al., 2025). To ensure a fair comparison given CNRD is a runoff
product at 0.25◦ resolution rather than flow product, we (a) excluded very large basins (area >50,000 km2) to
reduce the influence of routing travel time when converting monthly runoff to monthly flow, and (b) excluded
very small basins (area <600 km2), which are smaller than a typical 0.25◦ grid cell and therefore not well rep-
resented by CNRD runoff conditions. This left 884 gauges with at least 5 years of observations. We then spatially
average the CNRD monthly runoff of these basins to derive the monthly flow of 884 gauges, and compared those
with CHASE results.

Across these 884 gauges, CHASE shows consistently higher skill than CNRD in terms of KGE, NSE, and PBIAS
at the monthly scale (Figure 11). For example, the median NSE is 0.77 for CHASE versus 0.54 for CNRD, the
median KGE is 0.74 for CHASE versus 0.45 for CNRD; and the median PBIAS is 11% for CHASE versus 35%
for CNRD. The median PCC is similar for CHASE and CNRD, both standing at 0.92. For reference, Moriasi
et al. (2007) provide commonly used performance guidelines for hydrologic simulations, such as NSE > 0.5 and
|PBIAS| ≤ 25% as indicative of satisfactory performance. Under these criteria, 87% (55%) of gauges meet the
NSE threshold for CHASE (CNRD), and 84% (38%) meet the |PBIAS| threshold for CHASE (CNRD). Specif-
ically, CHASE shows widespread higher NSE/KGE (by∼0.2–0.5) than CNRD particularly across northern China
(e.g., Yellow River and Songhuajiang River basins) and in several inland basins in the northwest China
(Figures 11a and 11b). The PBIAS comparison indicates that water‐balance error is one of the primary drivers of
these NSE/KGE differences. CHASE generally exhibits smaller PBIAS than CNRD nationwide, with the largest
PBIAS reductions in the Yellow River, Songhuajiang River, and inland northwest basins, where bias of CHASE
is often more than 20% closer to zero than CNRD. In contrast, differences in PCC are relatively smaller, with most
gauges falling within ±0.05. A notable exception is the northwest China, where CHASE exhibits considerably
higher PCC (by >0.1) than CNRD.

The spatial patterns of these improvements can be explained by following reasons. First, CHASE is constrained
by a much higher resolution (1 km) and much denser gauge network (1,225 gauges) in China, including ∼400
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medium‐to‐small basins with an area below 1,000 km2 (Figure 9f). In contrast, CNRD was calibrated at 0.25◦

(∼25 km) resolution using roughly 200 basins nationwide, with only a few dozen gauges in key northern basins
such as the Yellow and Songhuajiang Rivers. Moreover, many of these gauges are located along the mainstreams,
which provides weaker constraints on sub‐basin heterogeneity and limiting parameter transfer to smaller
catchments. This likely contributes to the larger water balance biases of CNRD across the Yellow and Song-
huajiang Rivers of northern China relative to CHASE. Second, the improvements of CHASE over CNRD in
northwest rivers are also consistent with differences in process representation between CLHMSv2.0 and VIC
v4.2. The VIC v4.2 configurations used for CNRD do not explicitly represent glacier accumulation and melt,
whereas CLHMSv2.0 includes an energy‐based glacier module. This gives CLHMS an advantage as glacier melt
can contribute substantially to runoff in high‐mountain headwaters of northwest China and strongly influences
seasonal runoff volume and timing (Su et al., 2023; Xu et al., 2025).

Overall, this comparison provides a baseline for interpreting the CHASE v1.0 results. The skill achieved here is
not only acceptable under commonly used performance guidelines, but is also consistently higher than a widely
used China‐scale natural runoff product, CNRD v1.0, across 884 gauges nationwide. The largest gains occur in
northern and inland arid to semi‐arid basins, where large‐scale hydrologic modeling and parameter transfer are
typically most challenging. In humid southern China, differences are smaller because both approaches already
perform relatively well.

5.3. Potential Applications, Caveats and Limitations

To begin with this section, we emphasize that our generated flow data record is not intended to reproduce
observed modern regulated flows. Instead, it aims to provide long‐term naturalized streamflow driven by climate
variability alone, with human influences (e.g., dams, withdrawals, irrigation, and land‐use change) excluded as far
as possible. This enables applications such as (a) attributing observed streamflow changes to climate versus
human activities by comparing naturalized flow records with in situ observed flow records, and (b) assessing

Figure 11. Difference of (a) NSE, (b) KGE, (c) PBIAS, and (d) PCC between CHASE and CNRD for 884 gauges nationwide. Green (red) markers indicate CHASE has a
better (worse) performance than CNRD.
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climate‐driven streamflow variability and change. Below are several other caveats and limitations for readers'
information.

1. A key premise of CHASE v1.0 is that model calibration and evaluation rely on streamflow records that are
minimally affected by human regulation. Although we restricted the calibration data to the pre‐1980 period and
screened near‐natural basins, human activities cannot be fully excluded due to the high population density of
China. Near‐natural basins may still contain residual impacts from small reservoirs, diversions, or irrigation
return flows, which can introduce non‐climatic signals into the basin signatures, parameter fields, and the
resulting naturalized simulations.

2. Model performance is also relatively more limited in the Yellow and Hai River Basins, with the Loess Plateau
in the middle Yellow River showing occasional negative NSE at daily and monthly scales. We attribute this to
the following reasons. First, parts of these regions exhibit strong non‐linear soil behaviors and thus complex
runoff response, including soil structure change, crusting and cracking, and wetting‐induced collapse in loess
soils (Li et al., 2016). Second, under semi‐arid to arid climates, runoff generation is more intermittent and
event‐driven, making simulations more sensitive to small errors in forcing and parameters. Third, flows are
generally lower in the Yellow and Hai, and their flow regimes can be more susceptible to occasional human
disturbances compared to those in the humid south.

3. Results for smaller catchments (<1,000 km2) should be interpreted more cautiously than for larger basins, as
NSE/KGE performance is generally lower at small basins. A likely reason is that the resolution of the
meteorological forcing is comparable to, or coarser than, many small basins, which can smooth out mesoscale
convective systems. This limitation calls for continued development of higher‐resolution meteorological
forcing at large scales (Hoch et al., 2023; van Jaarsveld et al., 2025). As an attempt, van Jaarsveld et al. (2025)
downscaled coarse‐scale forcing by bilinear interpolation to a fine grid and then applying day‐of‐year
correction factors based on high‐resolution climatologies.

4. A distinct feature of our model and data set is the inclusion of river‐lake 2D flow fields over China's largest
freshwater lakes. Across major lakes, simulated water levels typically show high correlation with observations
(often PCC > 0.8), suggesting that the model can broadly represent coupled river‐lake dynamics at large
scales. When interpreting the results, it should be noted that recent studies have reported changes in lake‐bed
morphology (e.g., from cumulative sand mining) (Yao et al., 2019), which can modify hydrodynamics and
stage relationships over decadal time scales, leading to shifted water‐level baseline and additional bias in long‐
term simulations.

5. CLHMSv2 includes major cold‐region hydrologic processes, such as snow accumulation/melt, glacier
accumulation/melt, and soil freeze‐thaw. However, there remains limited representations in the model about
how soil thermodynamics translate into groundwater discharge changes under permafrost degradation, as fully
coupled representations of hydro‐thermal dynamics across surface and subsurface are still challenging and
data‐limited. This means that, while CHASE v1.0 can be informative for present‐day hydrology, its appli-
cation to climate‐change impact studies in permafrost‐affected regions (e.g., the Tibetan Plateau) should be
interpreted with caution, and would benefit from targeted evaluation using localized observations where
available.

6. Conclusions
We developed a 1‐km gridded, national land‐surface‐hydrologic‐hydrodynamic modeling framework with
machine learning based calibration strategy applied at grid scale. Using flow data from 1,225 gauges
nationwide, mean runoff depth and baseflow index maps were generated as spatial calibration targets to
constrain runoff generation and subsurface exchange, and 1D/2D hybrid diffusive wave routing was
introduced for 2D lake‐river network to resolve backwater and bidirectional exchanges. Applied over
1962–2024, the system aims to provide long‐term naturalized streamflow driven by climate variability alone, with
human influences excluded as far as possible. The resulting data product is named CHinA grid‐level natural
Streamflow Estimates Version 1.0 (CHASE v1.0).

We highlight several conclusions during model and data development as follows:

1. A small set of climate, topography, soil, and vegetation attributes can explain a large fraction of the nationwide
variability in mean runoff depth and baseflow index, but the dominant controls differ between the two

Water Resources Research 10.1029/2025WR042606

DONG ET AL. 20 of 24

 19447973, 2026, 6, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
042606 by K

arlsruher Institut Fur T
echnologie, W

iley O
nline L

ibrary on [18/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



signatures. Runoff depth is mainly climate‐driven, whereas baseflow index shows stronger sensitivity to
terrain and vegetation‐related attributes.

2. The attribute‐signature relationships learned by ML models at the basin scale can be transferred to the 1‐km
grid scale to produce spatially coherent gridded signature maps, which can serve as effective spatial constraints
to calibrate runoff‐generation and baseflow parameters of CLHMS at grid scale.

3. CLHMSv2 streamflow skill evaluated at 1,225 flow gauges is consistently positive (median NSE = 0.57,
KGE = 0.65) at daily scales and improves at monthly scales (NSE = 0.77, KGE= 0.73). Humid, larger basins
outperform arid and snow‐dominated headwaters, with median daily NSE higher by ∼0.20 in humid basins
compared to arid basins and by ∼0.13 in large basins (>10,000 km2) compared to small (<1,000 km2) basins.
High‐flow metrics indicate generally satisfactory performances of extreme flood peaks, albeit with a tendency
toward moderate underestimation in several regions. Coupled lake‐river systems are generally well repro-
duced, with temporal water level correlations PCC > 0.8 at Poyang, Dongting, Tai, and Chao Lakes.

4. A comparison of CHASE v1.0 against CNRD v1.0 data set at 884 gauges shows that the median NSE of
CHASE is∼0.23 higher (0.77 vs. 0.54) than that of CNRD, which can be primarily attributed to a much higher
resolution and a much denser calibration gauge network for CHASE (1 km; 1,225 gauges) than for CNRD
(0.25◦; ∼200 gauges).

Future directions include extending the calibration framework to (a) more streamflow percentiles (e.g., 10/90
percentiles) for better capture of flow distribution and (b) spatiotemporally varying parameters within the
differentiable framework (Tounsi et al., 2023; Wang et al., 2024). To better represent hydrologic variations in
modern times, reservoir operation, irrigation, and water withdrawal could be implemented into the 1‐km model
based on our previous work (Dong et al., 2023; Hao et al., 2024).
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