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Abstract: Accurate river flow estimation is essential for water resources 
management, yet continuous in situ observations remain scarce across rivers 
globally and particularly in Asia and Africa. This study explores the potential of 
integrating SWOT satellite–derived river width and water surface elevation with 
limited gauging data to reconstruct river flow of China’s vast river network. The 
study compared four machine learning models for data integration: Random Forest 
(RF), XGBoost (XGB), Multi-Layer Perceptron (MLP), and Transformer (TF). A 
temporally ordered five-fold cross-validation framework was used to evaluate both 
interpolating and extrapolating performance. Under interpolating mode, RF and 
XGB effectively reproduced the observed hydrographs, capturing flow variability 
and extremes. Under extrapolation mode, all models show reduced skill due to short 
record length, seasonal incompleteness, and zero-flow effects, although neural 
network models exhibited relatively better performance. These results demonstrate 
a potential solution for river flow gap filling by using SWOT satellite observations 
after appropriate data processing, however, the approach requires substantially 
larger and more diverse training datasets for improving extrapolation performance. 

 Keywords: deep learning; interpolation; extrapolation; ensemble tree models; river 
width; water surface elevation 

1. Introduction 

Gauges for accurate monitoring and forecasting of river flow are fundamental to global water security, 
disaster management, and climate change adaptation. However, nearly half of the world’s major river systems are 
ungauged or poorly gauged [1–3], creating a critical monitoring and knowledge gap on how much water flows 
where and when, limiting effective hydrological modeling and water resource management. This information 
scarcity situation could be mitigated by the rapid development of remote sensing satellite technologies, which have 
opened new pathways for estimating streamflow and water levels globally [4–7]. 

There are many satellites orbiting the Earth, however most are not on a mission dedicated to terrestrial water 
such as riverine land cover. The long-running Landsat program provides multispectral data for river morphology 
and water quality [8,9], the Sentinel-1 radar mission enables all-weather river discharge estimation [10,11], and 
the Gravity Recovery and Climate Experiment Follow-On (GRACE-FO) mission quantifies basin-scale total water 
storage changes impacting river systems [12]. These missions have advantages and disadvantages, but none can 
retrieve directly river morphological description needed for computation of water flows and water quality [13]. 
The launch of the Surface Water and Ocean Topography (SWOT) satellite in 2022/2023 represents a paradigm 
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shift, offering high-resolution observations of water surface elevation (WSE), width, and slope that are practically 
usable for satellite-based river flow inversion [14–18]. The main instrument of SWOT is the Ka-band Radar 
Interferometer (KaRIn) [19], which simultaneously senses water surface elevation and total inundated width of 
river reaches [4]. This remote sensing “revolution”, coupled with significant advances in computational 
capabilities, accelerates the adoption of Machine Learning (ML) and Deep Learning (DL) methods in streamflow 
prediction [20–22]. Data-driven models demonstrate superior capability in capturing complex nonlinear 
relationships and spatiotemporal dependencies inherent in hydrological processes, often surpassing traditional 
empirical or physically based models [23–25]. Specifically, ML/DL models excel at modeling the nonlinear 
rainfall–runoff transformation and the stage–river flow relationship [26–29], and advanced architectures like Long 
Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) have shown robust performance in forecasting 
tasks across diverse basins [30,31]. However, due to the inherent variability in catchment characteristics, data 
availability, and modeling objectives, there is no universally optimal data-driven approach for river flow modeling, 
making it imperative to screen multiple algorithms and provide knowledge on robustness, predictive performance 
and generalizability. 

Previous SWOT-ML studies generally follow two methodological directions: hybrid physical data-driven 
approaches that estimate hydraulic parameters prior to river flow calculation, and direct regression-based models 
that learn end-to-end mappings from SWOT observables to river flow [18,19,32,33]. Although both strategies are 
promising, their robustness and generalization under realistic observational constraints remain insufficiently 
understood. In fact, a fundamental challenge arises from the intrinsic characteristics of SWOT observations 
involving measurement random noise, erroneous data from heterogeneous river morphologies and temporally 
sparse sampling imposed by the satellite’s orbit cycle of 21 days [34]. These factors complicate the reliable 
reconstruction of hydrological events, particularly when training data are limited or discontinuous. Moreover, most 
existing studies rely on case-specific experiments or restricted regional domains, and systematic, station-level 
evaluations across large, heterogeneous river networks are still scarce. Consequently, the relative strengths and 
limitations of different ML model families in reconstructing hydrological variability from sparse satellite 
observations remain unclear. 

China has a vast river network and long-term gauge records, with many hydrological stations missing 
observations, which substantially limits the applicability of traditional calibration-based or physics-constrained 
modeling approaches. Large-scale satellite-driven regression models could offer a viable pathway for river flow 
reconstruction, temporal gap filling, and hydrological analysis across diverse climatic and geomorphic conditions. 
To address these challenges, this study presents advanced regression-based framework for SWOT-driven river 
flow reconstruction across China’s heterogeneous river systems. We conduct a systematic benchmark of four 
representative ML models-Random Forest (RF), XGBoost (XGB), multilayer perceptron (MLP), and 
Transformer-selected to span a broad spectrum of model complexity and data efficiency. A five-fold random cross-
validation strategy is implemented at the station level to evaluate each model’s ability to recover hydrological 
events and maintain predictive stability under noisy and temporally sparse observation conditions. By focusing on 
a large number of stations distributed across China, this design enables a rigorous assessment of model robustness 
and generalizability at the national scale, going beyond basin-specific studies. The overarching goal of this work 
is to develop a transferable and practical approach for river flow reconstruction in regions lacking open or 
continuous in situ measurements. By integrating SWOT observations with limited hydrological data through a 
consistent regression and validation framework, this study aims to provide reliable temporal supplementation for 
intermittently observed stations, support river flow estimation at poorly gauged or intermittently monitored sites, 
and establish a methodological foundation for large-scale, satellite-based hydrological analyses across China’s 
rivers. The findings demonstrate the feasibility of nation-wide flow reconstruction using SWOT data and a small 
amount of hydrological station data and provide guidance for operational applications in other data-scarce regions [20]. 

2. Data and Methods 

Figure 1 summarizes the overall methodology. First, a spatiotemporally matched dataset was constructed by 
integrating SWOT satellite observations with in situ hydrological station measurements, which is not a trivial task. 
Spatial matching was performed using the geographic coordinates of SWOT observation points (Lon_s, Lat_s) 
and hydrological stations (Lon_h, Lat_h). Temporal alignment was achieved by matching SWOT overpass times 
(time_s) with hydrological observation times (time_h) within predefined temporal windows. The resulting dataset 
included remotely sensed river attributes—WSE, river width, and water surface slope—alongside observed river 
flow (Qobs) from gauging stations. The matched dataset was then organized into a unified sample set and split into 
training and validation subsets using five-fold cross-validation to ensure robust model evaluation. Machine 
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learning models—including Random Forest (RF), XGBoost (XGB), Multi-Layer Perceptron (MLP), and 
Transformer (TF)—were trained to directly estimate river flow (Qsim) from SWOT-derived and in situ features [35]. 
This framework enables systematic assessment of different machine learning approaches for reconstructing river 
flow from satellite and sparse in situ observations, providing a scalable method for supplementing temporal gaps 
in gauged river records. Detailed procedures are presented in Sections 2.3.1–2.3.4. 

 

Figure 1. Workflow of spatiotemporal data matching and machine learning–based river flow prediction using 
SWOT observations. 
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2.1. SWOT Data 

This study uses SWOT Level-2 River Single-Pass Vector Data Product, Version C (SWOT_L2_HR_RiverSP_2.0) 
at 21-day resolution and covering April 2023 to March 2025. Derived from the KaRIn measurements, SWOT 
product provides WSE, river width, and slope for both reaches and nodes. The data, originally distributed as ESRI 
Shapefiles through NASA’s PO.DAAC, were converted to CSV via the Hydrocron API for streamlined processing. 
Within the Chinese domain, the SWORD database identifies 23,485 reaches and 553,279 nodes (Figure 2), and 
only SWOT observations with quality flags reach_q and node_q equal to 0 or 1 were retained to ensure reliability. 

Complementing the satellite dataset, an extensive in situ hydrological dataset was compiled from 1448 major 
gauging stations, yielding 1,483,887 measurements of water level and river flow collected from 2019 to 2024, 
although the temporal overlap with the SWOT observations was from 2023 to 2024. These stations are 
predominantly located in China’s central and southern river basins, including the Yangtze, Yellow, Pearl, Huai, 
and Hai Rivers, while coverage is notably sparse in the rest of the country (Figure 2). Additionally, cross-sectional 
information for 22 river locations was obtained from the China Sediment Bulletin, of which 14 sites were suitable 
for analysis. 

 

Figure 2. Geographical distribution of the hydrological stations and sections used in this study. Yellow triangles 
indicate hydrological stations with mapped hydrographs. 

2.2. Data Processing 

Ensuring spatiotemporal consistency is a prerequisite for integrating SWOT observations with ground-based 
hydrological data [4,36]. To preserve data reliability, only SWOT records with high-quality flags (reach_q and 
node_q equal to 0 or 1) were retained. Spatial correspondence between hydrological stations and SWOT 
observations was then established using the “generate neighbor table” algorithm in ArcMap, which identifies the 
closest SWOT reach or node to each station. This spatial matching step is essential because the SWOT-provided 
node locations represent the river centerline and may not coincide spatially with gauging stations [8]. 

Temporal matching required additional consideration due to the 21-day revisit cycle of SWOT and the 
asynchronous nature of in situ measurements. After unifying the time zones of the two datasets, a 24-h tolerance 
was adopted. The choice of this one-day matching window was supported by two factors. First, large and medium-
sized rivers typically experience modest sub-daily fluctuations in river flow and water surface elevation, with 
diurnal variability much smaller than seasonal or synoptic changes. Matching within ±1 day therefore introduces 
minimal hydrological inconsistency while substantially increasing the number of valid pairings. Second, previous 
studies have used similar windows when reconciling satellite altimetry with in situ observations. Satellite altimetry 
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has emerged as an effective tool for estimating river discharge, particularly in regions with limited in situ 
observations (e.g., Tarpanelli et al. [37]). Discharge can be derived from altimetry-based water levels using stage–
discharge relationships (rating curves). In this study, satellite-derived water levels were matched with in situ 
observations within a temporal tolerance of ±1 day to ensure near-synchronous conditions. These precedents 
confirm that a one-day window is an established and effective approach for mitigating timing mismatches between 
satellite overpasses and ground measurements. Based on both hydrological reasoning and methodological practice, 
this study therefore adopted the 24-h matching criteria for SWOT–station pairing. 

To further improve spatial robustness and reduce potential mismatches between satellite footprints and station 
sensor locations, the dataset for each hydrological station was expanded to include its two nearest SWOT nodes. 
This expansion can yield multiple candidate SWOT records within the ±24 h matching window for a single gauge 
observation. In such cases, node values were not aggregated but only one record was retained for final match by 
selecting the SWOT observation with the smallest absolute time difference to the gauge timestamp. If multiple 
candidates had the same timestamp (from different nearby nodes), duplicate records were removed. 

Previous studies suggested that a two-stage modeling framework—first predicting flow occurrence using a 
classification model and subsequently predicting flow magnitude using a regression model—coukd improve 
predictive accuracy for intermittent hydrological processes [38]. Such approaches separate occurrence and 
magnitude components of streamflow generation and are conceptually related to hurdle or zero-inflated models. 
However, errors introduced in the classification stage may propagate to the regression stage, particularly when the 
model is applied outside the training distribution or under extrapolation conditions. Misclassification of flow 
occurrence (e.g., predicting zero flow during a wet period) can therefore produce substantial prediction bias that 
outweighs the potential benefits of separate modeling stages. For this reason, zero-flow observations were retained 
and modeled directly within the regression framework in this study, allowing the machine-learning models to learn 
the full range of hydrological states and enabling a comprehensive evaluation of model robustness across diverse 
flow conditions. Intermittent or zero-flow conditions are not uncommon in hydrological time-series, resulting in 
zero-inflated or semi-continuous distributions that can challenge conventional regression algorithms [39]. Modern 
ML models are capable of implicitly learning the transition boundary between zero-flow and non-zero-flow states 
when trained on sufficiently representative data [22], as deemed in this study. 

Following this preprocessing workflow, 950 stations retained complete and usable records, yielding a total 
of 50,740 matched data points. 

River discharge typically exhibits a highly right-skewed distribution, where flood peaks may exceed baseflow 
by several orders of magnitude. Such skewed hydrological variables are commonly transformed using logarithmic 
functions to reduce skewness and approximate a Gaussian-like distribution [40]. Log transformation compresses 
extreme values and improves the statistical properties of the target variable for modeling. Accordingly, discharge 
𝑄𝑄 was transformed using 

log( 1 + 𝑄𝑄) (1) 

This type of transformation is widely adopted in streamflow modeling studies to mitigate the influence of 
extreme flood values and improve model stability. 

For neural network–based models, the log-transformed discharge was further standardized using Z-score 
normalization to improve numerical stability during gradient-based optimization. The standardized target variable 
was defined as 

𝑧𝑧 =
log( 1 + 𝑄𝑄) − 𝜇𝜇

𝜎𝜎
, (2) 

where 𝜇𝜇  and 𝜎𝜎  are the mean and standard deviation of log( 1 + 𝑄𝑄)  computed from the training dataset. 
Standardization is commonly applied in deep learning–based hydrological models to stabilize training and 
facilitate efficient gradient optimization [30,41]. 

Tree-based models were trained directly on log( 1 + 𝑄𝑄), as these algorithms are generally insensitive to 
variable scaling. During inference, model outputs were converted back to discharge units by reversing the Z-score 
normalization and subsequently applying the inverse logarithmic transformation. 

2.3. Machine Learning Approaches 

2.3.1. Random Forest 

Random Forest (RF) is an ensemble learning method based on bagging and decision-tree regression [42]. It 
constructs a large number of decision trees using bootstrap resampling of the training data and random subsets of 
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predictor variables at each split, and produces final predictions by averaging across all trees. Owing to its non-
parametric nature and inherent resistance to overfitting, RF is well suited for hydrological applications 
characterized by nonlinear relationships, heterogeneous river conditions, and noisy satellite-derived inputs. In this 
study, RF models were trained using normalized satellite and auxiliary predictors to directly estimate river flow, 
without requiring explicit assumptions regarding the functional form of the input–output relationship. It was 
implemented using an ensemble of 300 decision trees (n_estimators = 300), which was found sufficient to stabilize 
prediction variance while maintaining computational efficiency. Tree depth was not explicitly constrained 
(max_depth = None), allowing the model to fully capture nonlinear relationships inherent in river flow processes. 
Default node-splitting parameters were retained (min_samples_split = 2, min_samples_leaf = 1) to avoid  
excessive smoothing of extreme flow conditions. A fixed random seed was applied to ensure reproducibility across 
repeated experiments. 

2.3.2. XGBoost 

Extreme Gradient Boosting (XGB) is a boosting-based ensemble algorithm that builds decision trees 
sequentially, where each new tree is trained to correct the residuals of the previous ensemble [27]. By optimizing 
a regularized objective function using gradient descent, XGB achieves strong predictive performance while 
effectively controlling model complexity. Compared with bagging-based methods, XGB is particularly effective 
at capturing complex nonlinear interactions and subtle feature contributions, making it suitable for modeling river 
flow variability driven by multiple correlated satellite observations. In this study, XGB was implemented as a 
direct regression model for river flow estimation using the same predictor set as RF, enabling a consistent 
comparison between ensemble strategies. The XGB model was configured with 500 boosting iterations 
(n_estimators = 500) and a moderate tree depth (max_depth = 6) to balance model expressiveness and 
generalization. A relatively small learning rate (learning_rate = 0.05) was adopted to ensure gradual optimization 
and reduce the risk of overfitting. To enhance robustness against noisy satellite-derived predictors, stochastic 
subsampling was applied at both the sample and feature (colsample_bytree = 0.8) levels. L2 regularization 
(reg_lambda = 1.0) was retained to further constrain model complexity. 

2.3.3. Multi-Layer Perceptron 

Multi-Layer Perceptron (MLP) networks are feedforward artificial neural networks composed of multiple 
fully connected layers and nonlinear activation functions, capable of approximating highly complex continuous 
mappings. In contrast to tree-based models, MLPs explicitly learn distributed feature representations and are 
therefore more sensitive to input feature design. In this study, two MLP configurations were evaluated: 
(1) a baseline model using only physical and spatial predictors, and 
(2) an augmented model incorporating a station encoding variable to represent site-specific characteristics. 

This design allows assessment of whether introducing implicit station identity information improves river 
flow prediction, thereby providing insight into the trade-off between model generalizability and site-specific 
learning. The MLP consisted of two hidden layers with 128 and 64 neurons, respectively, using ReLU activation 
functions to model nonlinear river flow responses. The Adam optimizer was employed for efficient gradient-based 
optimization, with L2 regularization (alpha = 1 × 10−4) applied to mitigate overfitting. 

2.3.4. Transformer 

Transformer (TF), originally developed for sequence modeling, relies on self-attention mechanisms to 
capture long-range dependencies across input features. Unlike recurrent architectures, the TF processes all inputs 
in parallel and dynamically weight feature interactions through attention scores. 

In this study, the TF architecture was adapted for river flow prediction by jointly modeling hydrological 
variables, spatial coordinates, and temporal encodings. Similar to the MLP framework, two TF variants were 
implemented—with and without station encoding—to systematically evaluate the contribution of site-specific 
information. Both employed an embedding dimension of 64 (d_model = 64) and four attention heads (nhead = 4) 
to capture interactions among hydrological, spatial, and temporal features. Two stacked self-attention layers were 
used to balance representational capacity and computational cost. A feedforward dimension of 128 and a dropout 
rate of 0.1 were applied to improve generalization. Similarly to the MLP experiments, station encoding was 
optionally included as an additional input feature to examine its impact on model performance. By comparing TF 
performance against both tree-based models and MLPs, this study assesses the relative advantages of attention-
based learning for satellite-driven hydrological inference. 
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2.4. Interpolation and Extrapolation Evaluation Design 

To explicitly distinguish between interpolation and extrapolation performance, two complementary 
validation schemes were implemented in this study. The dataset consists of satellite-based discharge observations 
from a large number of hydrological stations distributed across China, spanning diverse climatic zones, river 
morphologies, and hydrological regimes. As a result, model performance reflects not only temporal generalization 
but also robustness to pronounced spatial heterogeneity. 

Interpolation assessment was conducted using five-fold random cross-validation. In this scheme, all available 
samples from all stations were randomly partitioned into five subsets of approximately equal size. In each fold, 
four subsets were used for model calibration, while the remaining subset was used for validation. Because both 
the calibration and validation samples were drawn from the same overall temporal and spatial distribution, the 
validation data were statistically similar to the training data. Under this setting, the models were evaluated on their 
ability to interpolate discharge within the range of hydrological states represented in the training set, including 
comparable flow magnitudes, seasonal conditions, and station-specific characteristics. 

Extrapolation assessment was implemented through a time-based split. All observations from all stations 
were first sorted chronologically, and the earliest two-thirds of the time series were used for model calibration, 
while the most recent one-third was reserved for validation. This setup emulates a realistic forecasting scenario in 
which models are trained on historical satellite observations and applied to predict future river flows at the same 
set of stations. In contrast to random cross-validation, the validation samples in this scheme may contain 
hydrological regimes, flow extremes, or seasonal patterns that were not fully represented in the training data, 
thereby requiring the models to extrapolate beyond their calibration domain. 

By jointly applying these two validation strategies, the present framework separates a model’s ability to 
reconstruct discharge under statistically and spatially familiar conditions (interpolation) from its ability to 
generalize to future hydrological states under strong spatial heterogeneity (extrapolation). This distinction is 
particularly critical for large-scale SWOT-based river monitoring across China, where both temporal non-
stationarity and cross-basin variability pose substantial challenges for machine-learning models. 

2.5. Model Evaluations and Statistical Metrics 

For all models, their performance was evaluated using four common statistical metrics: coefficient of 
determination (R2), Nash–Sutcliffe efficiency (NSE), mean absolute error (MAE), and root mean squared error 
(RMSE) [43,44]. The metrics are defined as follows: 

𝑅𝑅2 = (
∑ (𝑛𝑛
𝑖𝑖=1 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜������)(𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠������)

�∑ (𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜������)2𝑛𝑛
𝑖𝑖=1 �∑ (𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠)2𝑛𝑛

𝑖𝑖=1

)2  (3) 

NSE = 1 −
∑ �𝑄𝑄obs,𝑖𝑖 − 𝑄𝑄sim,𝑖𝑖�𝑛𝑛
𝑖𝑖=1

2

∑ �𝑄𝑄obs,𝑖𝑖 − 𝑄𝑄obs�𝑛𝑛
𝑖𝑖=1

2  (4) 

MAE =
1
𝑛𝑛
�|
𝑛𝑛

𝑖𝑖=1

𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖|  (5) 

RMSE = �
1
𝑛𝑛
�(
𝑛𝑛

𝑖𝑖=1

𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖)2  (6) 

where 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖  and 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖  denote the observed and simulated river flow at time 𝑖𝑖, respectively, 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜������ and 𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠������ 
represent the mean values of observed and simulated river flow, and 𝑛𝑛 is the number of samples. 

Each metric reflects different aspects of model performance: R2 measures the strength of the linear 
relationship between observations and simulations, while NSE evaluates the predictive skill relative to the mean 
of observations; RMSE emphasizes large errors due to its quadratic formulation, while MAE provides a more 
robust measure of average prediction error that is less sensitive to extreme values [45]. However, these metrics 
also have limitations. R2 primarily reflects correlation rather than prediction accuracy and may remain high even 
when systematic bias exists. NSE is sensitive to extreme values and may produce overly pessimistic scores for 
highly variable hydrological series. RMSE is strongly influenced by large deviations, while MAE treats all errors 
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equally and may underestimate the influence of extreme events. Therefore, using multiple metrics together 
provides a more comprehensive evaluation and also understanding of the model performance [24,46]. 

2.6. Sensitivity 

Sensitivity analysis for the ML models was conducted using a validation-set perturbation inference approach 
to quantify how observational uncertainties propagate into discharge predictions. For each trained model, baseline 
discharge predictions 𝑄𝑄 were first obtained for the validation dataset. Subsequently, individual input variables 
(WSE, width, and slope) were perturbed independently while keeping the remaining inputs unchanged, and model 
inference was repeated to produce new predictions 𝑄𝑄′. Perturbations were applied only to samples classified as 
non-zero flow conditions. 

Model sensitivity was quantified using both the absolute prediction change Δ𝑄𝑄 = 𝑄𝑄′ − 𝑄𝑄 and the relative change 

Δ𝑄𝑄
𝑄𝑄

=
𝑄𝑄′ − 𝑄𝑄

max(𝑄𝑄, 𝜀𝜀)
 (7) 

where 𝜀𝜀 is a small constant preventing numerical instability near zero flow. Perturbations were implemented as 
truncated Gaussian noise (𝜖𝜖 ∼ N(0, 𝜎𝜎), truncated to ±3𝜎𝜎). 

The perturbation magnitude was determined based on the design precision of the SWOT mission and 
assessments of observation error levels in related studies. Specifically, the standard deviation of the perturbation 
for water surface elevation (WSE) was set at 𝜎𝜎 =  0.10 m , which is comparable to the precision level of 
approximately 10 cm (1𝜎𝜎) achieved by the SWOT mission in inland water surface elevation inversion [4,47]. The 
perturbation for river width was set as 𝜎𝜎 =  0.15 ×  width, and this relative error range referenced estimates of 
uncertainty in river width inversion from several SWOT river observation studies, generally considered to be within the 
range of 10–20% [4,48]. The standard deviation of the perturbation for the slope was set to 𝜎𝜎 =  1.7 × 10−5 m/m, 
which corresponds to the design requirement of the SWOT mission for the accuracy of river slope observations, 
namely 1.7 cm/km [49]. This setting allows the sensitivity analysis to assess the impact of uncertainties in 
different variables on the flow estimation results under conditions close to the actual satellite observation error 
level. The sensitivity results were aggregated at station level using median sensitivity, with number of valid 
samples recorded for robustness. 

2.7. Feature Importance 

To interpret the contribution of individual predictors to discharge estimation, feature importance was 
quantified using SHAP (SHapley Additive exPlanations) [50], a model-agnostic interpretation framework derived 
from cooperative game theory that attributes the prediction of a model to individual input features based on Shapley 
values. In this framework, each feature is assigned a contribution representing its marginal effect on the predicted 
output relative to a reference baseline. The SHAP value for a feature reflects the average contribution of that 
feature across all possible subsets of predictors, thereby providing a theoretically consistent and locally accurate 
explanation of model predictions. 

In this study, SHAP values were computed using the KernelExplainer, a model-agnostic approximation that 
estimates Shapley values through weighted linear regression in the neighborhood of each prediction [51]. The 
explainer treats the trained model as a black-box function and repeatedly evaluates predictions under different 
feature subsets to approximate the marginal contribution of each variable. A subset of the training data was used 
as the background dataset to define the reference distribution of inputs, and SHAP values were calculated for 
samples in both the calibration and validation datasets. 

To obtain global feature importance, the mean absolute SHAP value for each predictor was computed across 
all evaluated samples: 

Importance𝑗𝑗 =
1
𝑁𝑁
�|
𝑁𝑁

𝑖𝑖=1

ϕ𝑖𝑖𝑖𝑖| (8) 

where 𝜙𝜙iJ denotes the SHAP value of feature 𝑗𝑗 for sample 𝑖𝑖, and 𝑁𝑁 is the number of evaluated samples. This 
metric quantifies the overall magnitude of each feature’s contribution to model predictions, allowing comparison 
of the relative importance of hydrological and geometric variables across different model architectures. 
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3. Results 

3.1. Overall Performance 

Figures 3 and 4 summarize model performance during calibration and validation for interpolation and 
extrapolation, respectively, using station-level distributions of R2, NSE, RMSE, and MAE. Performance metrics 
are computed independently for each station, and the median value across stations is used to represent the central 
tendency, while the interquartile range characterizes inter-station variability. Clear performance contrasts were 
evident among different model classes, i.e., interpolation performing better compared to the extrapolation, when 
the validation was often with poor performance. Overall under temporal interpolation testing, XGB and RF 
consistently showed high calibration performance (high R2and NSE with low RMSE and MAE), whereas XGB 
and RF showed considerable variation and similar performance for both calibration and validation stages, which 
is overall not desirable. The situation was more complex for the temporal extrapolation, where all models captured 
poorly the temporal dynamics (low R2; Figure 4a,b) and absolute accuracy was also not as good as for the 
interpolation model, although much better for XGB and RF compared to XGB and RF (Figure 4c,d). 

A closer inspection of the station-level distributions revealed several systematic patterns that helped explain 
the differences among model classes. Under the interpolation setting (Figure 3), tree-based models (XGB and RF) 
not only achieve higher median skill but also show relatively compact interquartile ranges across stations, 
indicating more stable predictive behavior. For example, the median R2 values for XGB and RF during validation 
remain close to 0.8–0.9, while RMSE and MAE remain comparatively low. In contrast, neural network models 
(MLP and Transformer) exhibit substantially larger inter-station variability, as reflected by wider interquartile 
ranges and long whiskers. This suggests that these models are more sensitive to differences in station 
characteristics and data density. One possible explanation is that tree ensembles partition the feature space through 
hierarchical decision rules, effectively capturing spatial heterogeneity among river basins. By contrast, neural 
networks attempt to learn a single global nonlinear mapping across all stations, which can be difficult when 
hydrological regimes vary strongly across the study domain. 

 

Figure 3. Machine learning model performance for river flow prediction under the interpolation mode. Panels (a–d) 
show station-level distributions of R2, NSE, RMSE, and MAE, respectively, for the calibration and validation 
phases. Here, R2 denotes the coefficient of determination, NSE the Nash–Sutcliffe efficiency, RMSE the root mean 
squared error, and MAE the mean absolute error. For each station, performance metrics are computed independently. 
The horizontal line within each box indicates the median value across stations, the box spans the interquartile range 
(25th–75th percentiles), and the whiskers represent the full range, characterizing inter-station variability. 
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Figure 4. Machine learning model performance for river flow prediction under the extrapolation mode. Panels (a–d) 
present station-level distributions of R2, NSE, RMSE, and MAE, respectively, for the calibration and validation 
phases, where validation samples fall outside the range of the training data. Here, R2 denotes the coefficient of 
determination, NSE the Nash–Sutcliffe efficiency, RMSE the root mean squared error, and MAE the mean absolute 
error. The median value across stations is shown by the horizontal line within each box, the interquartile range by 
the box length, and the full range of inter-station variability by the whiskers. 

The contrast becomes more pronounced under the extrapolation scenario (Figure 4), where validation 
samples fall outside the temporal range of the training data. Here, the median validation R2 for all models decreases 
markedly, and NSE values frequently become negative, indicating that the predictions are often less informative 
than using the observed mean discharge as a benchmark. The deterioration is particularly evident for the tree-based 
models, whose calibration performance remains high but whose validation skill drops sharply. This behavior 
suggests that these models rely heavily on patterns present in the training period and struggle to reproduce unseen 
hydrological states during extrapolation. Neural networks also show poor extrapolation skill, but their performance 
degradation is somewhat more gradual, likely because their distributed representations allow limited generalization 
beyond the training range. Overall, these results indicate that while machine learning models can effectively 
reconstruct discharge dynamics when observations overlap in time, their ability to extrapolate to unseen 
hydrological conditions remains limited. 

3.2. Probability Distributions for SWOT-Predicting Station Gauge Data 

Figures 5 and 6 present the cumulative distribution functions (CDFs) of the station-level R2 values for the 
calibration and the validation phases, offering a complementary distributional perspective that highlights the 
proportion of stations achieving a given level of predictive skill and facilitates direct comparison of interpolation 
and extrapolation behavior across models. In the interpolation setting, all models demonstrate high predictive 
accuracy on validation data, with performance metrics nearly as good as during calibration. XGB and RF achieve 
the highest median validation R2 (approximately 0.8–0.85, compared to ~0.9 in calibration) and NSE (median 
~0.6–0.7), indicating that these models can capture a large portion of discharge variance in random splits. In 
contrast, neural-network-based models show lower overall accuracy and larger dispersion. The MLP model 
demonstrates limited explanatory power, characterized by low median R2 (generally below 0.4), near-zero or 
weakly positive NSE values, and wide interquartile ranges. The Transformer model yields modest improvements 
over MLP, reflected by slightly higher central tendencies and reduced dispersion, but remains inferior to tree-
based models under interpolation. The relatively small gap between calibration and validation metrics in this 
scenario suggests minimal overfitting: model predictions remain robust when tested on unseen data drawn from 
the same distribution as the training set. 
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Figure 5. Cumulative distribution functions (CDFs) of performance metrics for four machine learning models 
under the interpolating mode. Solid green lines denote validation performance within the calibration period, while 
dashed yellow lines represent calibration results. Panels (a–d) correspond to: (a) Random Forest (RF), (b) XGBoost 
(XGB), (c) Multi-Layer Perceptron (MLP), and (d) TensorFlow (TF). Note that RF and XGB show larger 
discrepancies between calibration and validation CDFs, while MLP and TF exhibit closer agreement between the 
two distributions. 

 

Figure 6. Cumulative distribution functions (CDFs) of performance metrics for four machine learning models 
under the extrapolation mode. Solid green lines denote validation performance beyond the calibration period, while 
dashed yellow lines represent calibration results. Panels (a–d) correspond to: (a) Random Forest (RF), (b) XGBoost 
(XGB), (c) Multi-Layer Perceptron (MLP), and (d) TensorFlow (TF). Notably, RF and XGB exhibit substantial 
divergence between calibration and validation CDFs, whereas MLP and TF show relatively closer agreement 
between the two distributions. 
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Under temporal extrapolation, model behavior changes markedly for all algorithms. Validation performance 
deteriorates substantially relative to calibration, reflecting the strong non-stationarity of river flow processes and 
the challenge of predicting outside the temporal support of the training data. This degradation is most pronounced 
for tree-based models. Despite near-optimal calibration performance, RF and XGB experience sharp declines in 
validation skill, with median R2 values dropping to approximately 0.2–0.4 and NSE frequently approaching or 
falling below zero. The large divergence between calibration and validation distributions indicates that tree-based 
models rely heavily on temporally local patterns and exhibit limited robustness under extrapolative conditions. 

The neural-network-based models displayed a different, though not necessarily superior, extrapolation 
behavior. For both MLP and Transformer, validation R2 distributions are broadly comparable to their calibration 
counterparts, with similar medians and interquartile ranges. However, this apparent stability primarily reflects their 
already limited calibration skill rather than strong extrapolative capability. While the absence of a sharp 
performance collapse suggests reduced sensitivity to temporal shifts, absolute predictive accuracy remains modest, 
with NSE often remaining negative. Among the evaluated neural models, the Transformer shows slightly improved 
consistency relative to the MLP, indicating a marginally stronger ability to learn temporally transferable 
representations, though its overall extrapolation skill remains constrained. 

3.3. Feature Analysis of Different ML Methods 

As shown in Figure 7, the number of effective samples across all stations exhibits a pronounced right-skewed 
(positively skewed) distribution, with the mode concentrated in the 20–60 range. In contrast, the Wulong station, 
with 428 valid samples, lies in the high-value tail (>400), indicating a substantially higher data density than most 
other stations. 

 

Figure 7. Distribution of data availability across hydrological stations in the study area (log-binned). The x-axis 
denotes the number of valid samples per station (log-scaled bins), and the y-axis indicates the count of stations. 
The red annotation marks the Wulong Station, which has 428 valid samples with zero missing values, positioned 
at the right tail representing high data completeness. 

In addition, the discharge dynamic range at this station exceeds 95.48% of the other matched stations, 
covering a wide spectrum of hydrological conditions from low-flow periods to peak flood events. This combination 
ensures both dense observational coverage and substantial hydrological variability, enabling robust and visually 
interpretable evaluation of machine learning models across diverse regimes, including rising limbs, recession 
periods, and quasi-steady flow conditions. 

Overall, this combination of high data completeness and broad hydrological variability makes the Wulong 
station an ideal benchmark for model evaluation. The large sample size (approximately ten times the regional 
average) provides strong support for model training and reliable generalization assessment, while the wide 
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discharge range introduces diverse flow conditions that effectively test model performance across different 
hydrological regimes, particularly under extreme events. 

As a key control station in the upper Yangtze River, Wulong integrates the characteristics of mountainous 
river systems with anthropogenic influences. Its data therefore represent a typical hydrological response under 
complex real-world conditions. Consequently, this station enables an objective assessment of model accuracy and 
generalization in capturing hydrological dynamics, while also providing a reliable basis for evaluating model 
stability across varying flow conditions. 

The predictive performance of all ML models involved in the study is illustrated in Figure 8 for Wulong 
hydrological station. Under interpolating conditions, tree-based ensemble models, specifically XGB and RF 
exhibited superior performance. Both models effectively captured peak and low-flow conditions within complex 
streamflow dynamics, with predicted trajectories closely following observed river flow variations. Among them, 
XGB showed a slightly enhanced ability to reconstruct hydrological events, yielding more accurate representations 
of both the timing and magnitude of flow extremes. 

In contrast, neural-network-based models (MLP and Transformer, TF) displayed weaker responsiveness to 
event-scale variability under interpolation. Their predictions tended to be smoother, with attenuated peak responses 
and limited ability to reproduce sharp peak valley structures, reflecting constrained sensitivity to rapid hydrological 
changes even when observations are relatively dense. 

Figure 9 further illustrates model behavior under temporal extrapolation. When observations become 
temporally sparse, all evaluated models exhibit pronounced underestimation of river flow, particularly during high-
flow events. This systematic bias indicates a reduced capacity to generalize hydrological relationships beyond the 
temporal domain covered by training data. Among the four models, RF demonstrates comparatively better 
robustness under data-scarce conditions, followed by the Transformer, whereas XGB and MLP show more severe 
performance degradation. 

 

Figure 8. Hydrological process curves derived from machine learning predictions under the interpolating mode at 
Wulong Hydrological Station with dense observations. The gray–black broken line represents observed river flow, 
and colored points denote model predictions. Subplots (a–d) show results obtained using XGB, RF, MLP, and TF 
as regressors, respectively. 
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Figure 9. Hydrological process curves derived from machine learning predictions under the extrapolation mode at 
Wulong Hydrological Station with dense observations. The gray–black broken line represents observed river flow. 
Blue points represent predictions for the temporally ordered training period, while red points indicate predictions 
for the extrapolated validation period. Subplots (e–h) correspond to XGB, RF, MLP, and TF, respectively. 

During periods with relatively denser observations, XGB and RF predictions exhibit a clear tendency toward 
mean convergence, resulting in suppressed variability and diminished representation of river flow extremes. In 
contrast, MLP and TF are able to partially reflect flow fluctuations and recover some event-scale variability; 
however, their predictions remain quantitatively inaccurate and fail to consistently match observed magnitudes. 

Overall, the temporal extrapolation results reveal inherent limitations of data-driven machine learning models 
when training samples are limited and temporally incomplete. The observed underestimation during sparse periods 
and mean-convergent behavior during denser intervals collectively highlight the challenges of extrapolating river 
flow dynamics beyond the temporal range of available observations using purely data-driven approaches. 

3.4. Sensitivity 

Sensitivity analysis showed that random perturbations in channel slope produced the largest changes in 
predicted discharge, whereas water surface elevation (WSE) noise had only a minor influence, whereas channel 
width noise was in between (Figure 10). Hence, although discharge uncertainty is generally influenced by multiple 
observational variables, slope uncertainty can become a dominant contributor under certain conditions, particularly 
in low-gradient rivers or hydraulically mild reaches. 

3.5. SHAP Analysis 

Figure 11 presents the feature importance derived from SHAP values for the four ML models during both 
calibration and validation phases. Overall, spatial variables (latitude and longitude) consistently emerge as the 
most influential predictors across models, followed by hydrological variables such as WSE, width, and slope, 
while the seasonal indicators (DOY_sin and DOY_cos) generally contribute less to model predictions. 
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Figure 10. A comparison chart of relative traffic deviations after adding random errors. From top to bottom, the 
chart shows the relative changes in traffic after adding errors to WSE, width, and slope. 

For the tree-based models (XGB and RF), the ranking of feature importance remains largely consistent 
between calibration and validation. Latitude was the most dominant feature in both models, indicating that spatial 
gradients across river basins play a critical role in determining discharge variability. Longitude and WSE followed 
as secondary predictors, while width and slope showed moderate importance. The relatively stable ranking 
between calibration and validation suggests that tree-based ensemble methods capture robust spatial partitioning 
structures in the feature space, allowing the models to maintain similar decision boundaries when applied to unseen 
data. In contrast, the neural network models (MLP and Transformer) exhibit more noticeable changes in feature 
importance between calibration and validation. During calibration, spatial variables (Lat and Lon) dominate 
feature contributions, reflecting models’ tendency to learn strong spatial correlations within the training data. 
However, in the validation phase, hydrological variables—particularly width and seasonal signals (DOY_sin)—
become more prominent. For example, in MLP validation results, width and DOY_sin emerge as the two most 
influential predictors, indicating that the neural network adjusts its reliance toward dynamic hydrological variables 
when applied to unseen observations. This shift suggests neural networks distribute predictive influence across 
multiple correlated inputs and may adapt their internal representations depending on the data subset. Across all 
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models, WSE remains a consistently important variable, while width and slope also contribute substantially, 
reflecting their physical relevance to channel geometry and hydraulic gradient. In comparison, seasonal harmonic 
terms (DOY_sin and DOY_cos) show lower importance, implying that seasonal variability plays a secondary role 
relative to spatial heterogeneity and instantaneous hydraulic conditions. 

 

Figure 11. SHAP analysis results of different models on the test (calibration) and validation sets. Subplots are 
arranged by model and dataset: (a) XGB—Training set, (b) XGB—Validation set, (c) RF—Calibration set, (d) 
RF—Validation set, (e) MLP—Calibration set, (f) MLP—Validation set, (g) Transformer—Calibration set, (h) 
Transformer—Validation set. In each subplot, the horizontal axis represents the absolute value of the average 
SHAP, and the vertical axis represents the six input features (latitude, longitude, WSE, river width, slope, and DOY 
sine/cosine). Blue bars correspond to the calibration (test) set results, and green bars correspond to the validation 
set results. 

Taken together, these results indicate that tree-based and neural network models both rely on similar 
hydrological variables, but the former maintain more stable feature attribution across datasets, whereas the later is 
flexible and context-dependent. This difference likely reflects the structural distinctions between decision-tree 
ensembles, which partition the feature space through hierarchical splits, and neural networks, which learn 
distributed nonlinear representations across multiple inputs. 
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4. Discussion 

4.1. Suitability of SWOT for River Morphology Mapping 

The results of this study highlight the distinctive advantages of SWOT observations over previous satellite 
missions such as Landsat and Sentinel-1 which primarily provide information on river extent or width for river 
flow reconstruction. Owing to its advanced Ka-band Radar Interferometer (KaRIn), SWOT provides substantially 
higher spatial resolution and two-dimensional measurements of river width, WSE, and slope than earlier nadir 
altimeters (e.g., Jason-2/3 and Sentinel-3), which are limited to one-dimensional along-track observations [4,8,48]. 
Together with its relatively short effective revisit cycle at mid-latitudes, SWOT enables a more detailed 
characterization of river dynamics that can be directly exploited by data-driven models. This enhanced observational 
capability helps explain the strong interpolation performance explains the strong interpolating performance observed 
in Figure 3 and the steep right-skewed CDFs during calibration, particularly for tree-based models. 

Compared to the temporal interpolation results, the extrapolation results showed a systematic leftward shift 
of the CDFs (Figure 6) and reduced validation R2 and NSE (Figure 4). This likely reflects the combined effects of 
data sparsity, observation noise, and the statistical structure of the learning problem. Although the extrapolation 
samples often fall within the nominal range of the observed WSE–width–slope feature space, extreme and 
transitional hydrological states remain sparsely represented in the training set. 

To further evaluate the impact of logarithmic transformation on model performance, we compared the results 
obtained using the original (non-transformed) discharge data under both interpolation and extrapolation scenarios 
(Figures 12 and 13). 

The results show that, without logarithmic transformation, the interquartile ranges (IQRs) of all four evaluation 
metrics (R2, NSE, RMSE, and MAE) during the calibration phase increase substantially across all models. This 
indicates a significant rise in model instability and dispersion of predictive performance. Although the median or 
mean values of certain metrics may appear slightly improved compared to those obtained using log-transformed data, 
the overall variability is markedly larger, suggesting reduced robustness and generalization capability. 

 

Figure 12. Machine learning model performance for river flow prediction under the interpolation mode using non-
log-transformed discharge data. Panels (a–d) show station-level distributions of R2, NSE, RMSE, and MAE, 
respectively, for the calibration and validation phases. Here, R2 denotes the coefficient of determination, NSE the 
Nash–Sutcliffe efficiency, RMSE the root mean squared error, and MAE the mean absolute error. For each station, 
performance metrics are computed independently. The horizontal line within each box indicates the median value 
across stations, the box spans the interquartile range (25–75th percentiles), and the whiskers represent the full range, 
characterizing inter-station variability. Compared with results based on log-transformed data, a noticeable expansion 
of interquartile ranges is observed, indicating increased variability and reduced model stability across stations. 
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Figure 13. Machine learning model performance for river flow prediction under the extrapolation mode using non-
log-transformed discharge data, where validation samples fall outside the range of the training data. Panels (a–d) 
present station-level distributions of R2, NSE, RMSE, and MAE, respectively, for the calibration and validation phases. 
Here, R2 denotes the coefficient of determination, NSE the Nash–Sutcliffe efficiency, RMSE the root mean squared 
error, and MAE the mean absolute error. The median value across stations is shown by the horizontal line within each 
box, the interquartile range by the box length, and the full range of inter-station variability by the whiskers. Relative 
to the log-transformed case, the distributions exhibit greater dispersion and instability, particularly during the 
calibration phase, reflecting the amplified influence of extreme discharge values under extrapolation conditions. 

This phenomenon can be attributed to the extremely wide dynamic range of discharge (Q) in the original 
data. In the absence of transformation, high-flow samples dominate the optimization process under MSE-type loss 
functions, leading the model to preferentially fit large rivers with high discharge values. Consequently, the model 
tends to overfit these high-magnitude observations while underrepresenting the more numerous small- and 
medium-sized rivers, which are characterized by greater heterogeneity in geomorphology, hydrological conditions, 
and observational uncertainty. 

In contrast, logarithmic transformation effectively compresses the scale of high-flow values, reducing their 
disproportionate influence during training and enabling a more balanced representation of different flow regimes. 
This not only stabilizes the optimization process but also improves the consistency of model performance across 
stations, as evidenced by the reduced dispersion in evaluation metrics. 

Therefore, although logarithmic transformation may theoretically introduce a tendency to underestimate peak 
flows, the experimental results demonstrate that, in this study, its benefits in enhancing model stability and 
mitigating scale imbalance outweigh its potential drawbacks. In particular, the improved robustness across diverse 
hydrological conditions suggests that logarithmic transformation is a necessary preprocessing step for large-scale, 
multi-station discharge modeling. 

Second, zero-flow conditions play a disproportionately important role in shaping the observed degradation. 
In these cases, in situ river flow is zero, while SWOT may still report nonzero river width or water surface elevation 
due to residual water or retrieval uncertainties. This introduces highly nonlinear and sometimes non-unique 
relationships between SWOT observables and river discharge, particularly under intermittent or low-flow 
conditions [17,48]. Consequently, all models exhibit a systematic low-flow bias during validation (Figures 7 and 8), 
consistent with the widespread underestimation and the expansion of RMSE and MAE tails observed in the 
extrapolation statistics. 

The importance of slope in the sensitivity of the results (Figure 10) has also been reported previously. Because 
many discharge estimation approaches are derived from Manning-type hydraulic relationships, the nonlinear 
dependence between discharge and slope can amplify slope measurement errors and propagate them into 
substantial discharge uncertainty. In addition, satellite observation geometry can further increase slope-related 
errors. For example, radar interferometric effects such as layover may degrade the accuracy of retrieved water 
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surface elevation and slope, thereby introducing additional uncertainty into discharge estimates [36,52]. 
Nevertheless, slope error is not always the sole dominant source of uncertainty; discharge accuracy is typically 
influenced by the combined effects of WSE, river width, slope, and hydraulic parameterization [34]. Overall, the 
sensitivity pattern observed in this study—where slope perturbations produce the largest impact on discharge 
predictions—is consistent with the general understanding of uncertainty propagation in SWOT-based river 
discharge estimation. 

4.2. Impact of Machine Learning Classifier on the Results 

The contrasting behaviors between model classes in terms of their CDF showed different impact on the 
results. The tree-based models (RF and XGB) achieved near-perfect calibration skill, as indicated by their highly 
right-skewed calibration CDFs (Figures 5 and 6) for both inter- and extrapolation, but their validation distributions 
was toward low R2 values under extrapolation. This behavior suggests that these models strongly exploit station-
specific seasonal and regime-dependent patterns that are not transferable beyond the training period. In contrast, 
the neural-network-based models (MLP and Transformer) displayed much smaller CDF shifts between calibration 
and validation, indicating improved temporal robustness. Although their absolute accuracy remains moderate, the 
stability of their CDF shapes implies that these models learn more time-transferable hydrological representations 
rather than merely memorizing specific seasonal patterns. Expanding the effective training data volume and 
diversity is of interest in future studies. 

While tree-based models appear to showed superior accuracy under interpolation, their temporal 
extrapolation capability is fundamentally constrained by the limited sampling of extreme and transitional 
hydrological states (such as rapid flow increases or recession phases between low- and high-flow regimes) and by 
the tendency of error-minimizing regressors to revert toward conditional means in poorly constrained regions. 
Deep learning models, particularly Transformers, are better suited to exploit longer temporal context and complex 
nonlinear dependencies, but require substantially larger dataset, which for large regions like China is difficult to 
obtain, and also the dataset should ideally be more diverse. Integrating SWOT with additional satellite missions, 
longer station records, meteorological forcing, and basin-scale physiographic information would not only improve 
the CDF distributions and reduce extrapolation bias, but also enable models to learn more stable and transferable 
representations of river dynamics across time. 

4.3. Insights from Differences in Feature Importance 

The SHAP-based feature-importance reveal clear differences between tree-based models and neural network 
models in terms of stability and feature utilization. For the tree-based models (RF and XGB), the relative 
importance of predictors remains largely consistent between the calibration and validation phases. Spatial variables 
(Lat and Lon) and key hydraulic variables (WSE and width) consistently dominate the prediction process. This 
stability likely arises from the structural characteristics of decision-tree ensembles, which partition the feature 
space through hierarchical split rules. By splitting on spatial coordinates, tree models effectively perform an 
implicit regionalization of hydrological behavior, allowing different relationships between hydraulic variables and 
discharge to emerge in different geographic regions. Given the strong spatial heterogeneity of river morphology 
and hydrological regimes across China, this piecewise modeling strategy may partly explain the relatively robust 
performance of tree-based models. 

In contrast, the neural network models (MLP and Transformer) exhibit more noticeable variations in feature 
importance between calibration and validation. The importance of predictors becomes more distributed, and the 
dominant variables shift across datasets. This behavior reflects the different learning mechanism of neural 
networks, which attempt to learn a single global nonlinear mapping across all basins rather than region-specific 
relationships. When the training data are limited or unevenly distributed, such models may struggle to generalize 
spatially heterogeneous hydrological processes. These results suggest that improving neural network performance 
may require expanding the training dataset to better capture the diversity of hydrological conditions. In addition, 
incorporating additional physically meaningful predictors—such as catchment characteristics, climate variables, 
or upstream hydrological information—may help neural networks learn more stable and transferable 
representations of river discharge dynamics. 

4.4. Limitations of Time-Series Models under Sparse and Irregular Observations 

Time-series models such as ARIMA and recurrent neural networks (e.g., LSTM) are widely used in 
hydrological prediction because they can capture temporal dependencies in continuous hydrological records [53,54]. 
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However, their effectiveness generally relies on relatively dense and regularly spaced observations that adequately 
resolve the temporal evolution of hydrological processes. 

In SWOT-based river flow reconstruction, these conditions are rarely satisfied. SWOT observations must be 
matched with in situ station data, resulting in datasets with long and irregular temporal intervals between 
observations. Due to orbital coverage and data filtering during the matching process, the effective sampling 
interval for a given river reach may range from several days to multiple weeks [4,55]. Such sparse and irregular 
sampling limits the applicability of conventional time-series models. Methods such as ARIMA assume regularly 
spaced observations, while LSTM-type models rely on dense sequential information to learn temporal 
dependencies. When large temporal gaps exist between observations, key hydrological processes—such as flood 
peaks and rapid rising limbs—may occur between observations and remain unrecorded. As a result, time-series 
models may struggle to reconstruct hydrological dynamics and correctly identify flow variability. Under these 
conditions, models that exploit instantaneous hydraulic relationships among variables such as water surface 
elevation, width, and slope may provide more robust performance. 

5. Conclusions 

This study investigated the potential of using SWOT satellite observations with different machine learning 
(ML) models for reconstructing streamflow at gauged locations across China. One of the characteristics of the 
dataset is temporally sparse gauge observations combined with irregular satellite sampling, providing a suitable 
testbed for evaluating temporal interpolation and extrapolation capabilities. Using SWOT-derived river width, 
water surface elevation, and slope as predictors, all ML models were able to accurately recover hydrological 
variability when predictions were made within the temporal domain covered by observations. Under such 
interpolating conditions, the tree-based models RF and XGB consistently achieved the highest predictive skill, 
characterized by high median R2 and NSE values, low RMSE and MAE, and relatively narrow inter-station 
variability. Under temporal extrapolation, all models experienced substantial degradation in validation 
performance relative to calibration. This degradation is most pronounced for tree-based models, which show a 
sharp decline from near-perfect calibration skill to low median validation R2and frequently negative NSE values. 
The strong contrast between calibration and validation indicates that these models are highly sensitive to temporal 
shifts and rely heavily on patterns specific to the training period. Despite this decline, feature-importance analysis 
suggests that tree-based models maintain relatively stable predictor usage, likely because their hierarchical splitting 
structure effectively partitions the feature space and captures spatial heterogeneity in hydrological regimes. 

The results not only demonstrate the potential of using SWOT satellite observation for streamflow 
reconstruction, but also highlight the necessity of expanding both the volume and diversity of training data to 
achieve robust and transferable discharge prediction at large spatial scales. In particular, integrating SWOT with 
complementary satellite missions, longer in situ discharge records, meteorological forcing, and basin-scale 
physiographic variables may help models better capture the complex controls on river discharge. Such data-
enriched frameworks are expected to improve temporal generalization and enable machine learning models—
especially neural networks—to learn more stable and physically transferable representations of river dynamics. 
Such data-enriched frameworks provide a critical pathway toward scalable, reliable, and long-term satellite-based 
river flow monitoring in data-limited regions. 
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